In this draft, comments, explanations, and such that aren’t intended to go in the final version are shown in green. Parts that need to be verified, or which are placeholders for things to be done later, are in red.

University of Nevada Reno

Parallel Optimization of a NeoCortical Simulation Program

A thesis submitted in partial fulfillment of the requirements for the degree of Master of Science with a major in Computer Science.

by

James Frye

Dr. Frederick C. Harris, Jr., Thesis advisor

Sometime 2003

We recommend that the thesis prepared under our supervision by

James Frye

entitled

Parallel Optimization of a NeoCortical Simulation Program

be accepted in partial fulfillment of the requirements for the degree of

MASTER OF SCIENCE

Dr. Frederick C. Harris, Jr., Ph.D., Advisor

Dr. Angkul Kongmunvattana, Ph.D., Committee Member

Dr. Phillip H. Goodman, M.D., At-Large Member

Marsha H. Read, Ph.D., Associate Dean, Graduate School

December 2003 i Abstract

This thesis describes work done in optimizing an existing NeoCortical Simulation Program (NCS), including the development of a set of parallel profiling and measurement tools.

The NCS program is an ongoing project of offical name?. The previous version was presented in [?] in 2001. It will be shown that this work has increased computation speed by approximately two orders of magnitude; increased the demonstrated model size by three orders of magnitude; created a program which exibits near-linear speedup over the number of processors available for testing; and has decreased the code base by some 30%.

Contents

List of Figures

Chapter 1 Introduction & Background

This should provide all background, history, goals, biology, etc. I don’t see how to move the biology and hardware stuff to chapter 2 without destroying the consistency of it as a program design document.

1.1 History

The NCS project is an ongoing collaboration between the UNR Deptartment of Computer Science and School of Medicine, which is developing a biologically-realistic computer simulation of cortical cells, in numbers sufficient to reproduce interesting aspects of their real-world behavior.

Early versions of this project are described in PG papers, ?. At the start of the work described in this thesis, the status of the simulation program was as described in CW thesis: the basic biological components had been developed and tested in a working sequential program, and a preliminary parallel version had demonstrated the ability to run simulated ”brains” containing up to 1.5 million synapses.

1.2 Goals

This phase of the project set goals of increasing the maximum brain size by approximately three orders of magnitude - to 10^6 cells and 10^9 synapses, while decreasing execution time for a given size by two orders of magnitude.

1.3 Terms

A number of shorthand terms commonly used in this thesis are defined here.

• NCS3 - The version of the simulation program described in (CW thesis).

• NCS4 - The version of the program developed here.

• brain - A set of inputs to one of the NCS programs, defining the cells and synapses that are to be simulated.

• thinking

– a) Whatever it is that a biological brain does; – b) The process of running NCS on a brain.

1.4 Necessary Biology

This section gives a very brief review of those aspects of the biology of the brain which NCS is attempting to model.

Need to find a good reference to cite as source for biology. Also need PG to review for correctness.

Although the brain is composed of several parts, we are only interested in the cerebral cortex. The general opinion is that this is where cognition takes place.

Topologically, the cortex is a thin sheet (area?) covering the outer surface of the brain. It is highly convoluted: folded in three dimensions so as to fit within the skull. It is composed of a large number (in the human brain, about 10^11) of neurons, plus a similar number of glial cells of various types. Current thinking is that these glial cells have only a secondary role in brain function, supporting and maintaining the neurons without being involved in cognition.

The cortex is divided vertically into layers, which are distinguished by variations in the types of neurons. Most of the cortex has six of these layers; the hippocampus has only four. It is also organized horizontally into columns, which are localized regions of high neural connectivity.

It should be noted that columns and layers are defined anatonomically only as patterns of cell distribution and connection. They’re not in any sense separate organs, and have no function apart from the functions of the neurons that compose them. In our model, they are used in constructs that define a particular brain and its organization, but otherwise have no functions that can be modelled.

Each neuron is connected by axons and synapses to a number (typically about a thousand) other neurons. Neurons maintain a small electrical potential, normally about -70 mV, due to the interactions of channels in their cell walls with ions in the intercellular fluid.

This voltage continually changes in response to external inputs, primarily stimuli recieved from incoming synapses. When the voltage reaches a critical threshold, the actions of ion channels cause an abrupt voltage rise & fall. This is called an action potential (AP), or ”firing a spike”. (Figure of typical spike waveform.)

The spike produces an electrochemical pulse which travels from the cell, along outgoing axons/synapses, to destination cells. Propagation speed varies among different types of axon, but is relatively slow, under 10 m/sec.

The shape of the pulse, or spike pattern, produced by cells of a particular type are nearly identical, so that their transmission can be represented simply as a message saying the cell has fired.

When the spike reaches the destination cell, it combines with the inputs from all the cell’s other incoming synapses, which in turn may cause the destination cell to fire, and so the process continues...

Some types of synapses are able to do something called Hebbian learning, in which the response of the synapse depends on how recently previous spikes have been received.

1.5 Hardware

The NCS software currently runs on the NCS project’s dedicated Beowulf cluster, Cortex. Cortex is presently composed of 64 nodes, each a dual Pentium CPU motherboard with 4 GBytes of RAM. 60 of the CPUs are 1 GHz P3s, 68 are 2.3? GHz P4s.

The nodes are interconnected via a high-speed Myrinet (tm)? network, providing a max transfer rate of 20 Gbits/sec?.

The software thus has available 256 Gbytes of RAM, and ?? bogimips of processing power.

Chapter 2 Overview of Program Design & Operation

This chapter is intended to be something of a design document for the program.

2.1 Input File: Columns, Layers, Cells, etc

The structure of the input file is intended to correspond to the structures found in the biological brain. It is hierarchical: a brain is composed of columns, which in turn are made of layers that are made of different types of cells. Each cell contains compartments which contain channels, and which are connected by synapses.

This input format was designed largely for the benefit of the intended user community, which is expected to be familiar with the biology. At the program level, very little of this hierarchy remains. Each node has been assigned some fraction of the cells, and at each timestep the program simply cycles through them in sequence, processing each one according to its internal state and the content of any messages it may have received.

The input file also allows for specification of inputs to the brain (STIMULUS), and outputs (REPORT).

2.2 Initialization

On startup, the program first collects some information about itself and the hardware it is running on: the number of nodes and their compute power, process ids, etc. Some of this information is written to a kill file. This contains the processor node name, node number (MPI rank), and process ID of the program on that node. Collecting this information in one place allows operations to be easily done on all the processes: a misbehaving program may be killed, a debugger may be started, or the program resource usage may be monitored in a manner analogous to the Unix top utility.

2.3 Input & Parsing

After initialization, the program proceeds to read and parse the input file. Each node duplicates this parsing step, though in order to aviod problems with NFS file contention, only the root node actually opens and reads the file. The file is read into a buffer, and MPI functions are used to send this buffer to each of the other nodes.

(Conceptually this is an MPI Bcast, but due to problems with the Myrinet MPI implementation, it is actually implemented as a series of MPI Send/MPI Recv operations, each transmitting a fairly small packet.)

This buffer is then passed to the scanning and parsing module. This is in fact a mini-compiler implemented in YACC/Lex (Bison/Flex). This module does syntax checking, builds a symbol table and checks for duplicate or undefined names, and if no errors are found, creates an INPUT structure which contains the information in the input file in a form that is readily accessible to subsequent code.

Note that the INPUT structures are definitions. Many instances of brain components may be created from each definition; conversely, definitions may exist in the input without being used.

2.4 Global Index Creation

The CellManager module processes the INPUT structure, and creates the Global Cluster List (GCList) and Connection Descriptor List (CDList).

The GCList contains an entry for each cluster of cells defined in the input. (A cluster is a group of identical cells, as specified by a CELL TYPE input statement. Ultimately all connections are made between two clusters of cells.)

The CDList contains an entry for each connection between clusters, including pointers to the FROM and TO clusters in CDList, and the synapse definition in INPUT. These connections are defined by the CONNECT input keyword.

CONNECTs may be defined between columns, layers, or cell clusters. Each CON- NECT contains a from and to column, layer, cell, and compartment. For layer and cell CONNECTs, the higher members are implied by the containing column and layer: that is, one statement in the input defines a separate CONNECT object for each instance of the containing element.

Once the CDList is created, the CellManager scans through it. From the cluster and synapse information, the number of synapses for each connect is determined. (Although not the specific cells that are connected, as that is determined randomly at a later point. Earlier code computed this info at this point and stored it, but that used an excessive amount of memory.) The computed synapse count for each connection is added to the TO cluster’s total, for use in distribution.

At this point, each node contains identical copies of the INPUT, GCList, and CDList structures.

2.5 Distribution

The components of the brain now must be distributed amongst the CPUs on which the program is running. Presently the basic distribution unit is the cluster. Earlier versions distributed individual cells: this allows finer control, but requires excessive amounts of memory, since the global index must contain an entry for each cell. Distributing higher-level entities is a potential option in future versions, but currently is too coarse-grained to allow effective load balancing. Distributing at the cluster level provides a happy medium, and has the additional advantage that intra-cluster connections, which in general have the most stringent transmission time requirement, will always use the intra-node message-passing mechanism. (See MessagBus description)

As explained in (?, in any realistic brain the synapse processing dominates computation, but the exact value of this load is not determinable, since it is a function of input. The distribution algorithm assumes that on average a constant percentage of synapses will be in an active state. An heuristic synapse weight was derived, and this is used to determine a total compute weight for each cluster.

Once the cluster weights have been computed, the distribution routine processes the GCList and assigns each cluster of cells to a CPU, according to a selected algorithm. Various algorithms can easily be substituted: the problem will be discussed further in ?.

As in the index creation step, each node still contains identical information.

2.6 Brain Construction

Each node constructs an object of type Brain, which contains (among other things) an array of pointers to each of the Cell objects created on the node.

To construct its Brain, each node processes its copy of GCList. It scans through the list of clusters, and for each one assigned to the node, creates the specified number of Cell objects, and all the components contained within the particular cell type.

Each Cell likewise contains an array of pointers to the Cell’s Compartment objects. Conceptually, each Compartment thus has an internal address which is a triple of numbers: (Node, Cell, Cmp). The MessageBus uses this address to pass information - stimulus inputs, report output, and most importantly, synapse firings, between the compartments of the brain.

(For efficiency, this NCC address scheme has been superseded by one that uses the physical memory address of the receiving object. The program then can be thought of as using a very large segmented address space, where the node number is equivalent to the segment register, and the 4 GByte physical address space of each CPU becomes the offset.)

(In the current implementation, a Cell object is simply a shell that serves as a container for the compartments from which the cell is constructed. The compartment (and the elements it contains) is where the computation takes place.)

When this step has completed, the structures on each of the nodes will differ, each node containing some fraction of the cells that make up the complete brain.

2.7 Connection

Now that each node has been populated with its share of cells, the program must establish the connections between them. Recall from (bio.tex) that these connections, or synapses, are one-way communication channels along which an Action Potential propagates.

Each connection thus involves two compartments, the From or sending compartment and the To or receiving compartment. The connection exists in two parts: the From side must know what particular synapses in which compartments to send messages to when the cell fires an AP. The To side, however, need not know where the AP originated, but must contain the necessary code to process the AP messages as they arrive.

The connection process thus consists of each node determining which of the cells that reside on it are to be connected, finding the node on which the other end of the connection resides, and exchanging the information needed to create the necessary data structures on both sides.

Implementing an efficient solution to this problem is not a trivial process. It will be discussed in ?.

2.8 Stimulus and Report Creation

At this point the brain has essentially been fully created: it needs only something to think about, and some way to communicate its ”thoughts” to the outside world. This is the province of the Stimulus and Report objects respectively. They are created from the input specifiers now.

Stimulus and Report are essentially mirror images. They are both based on the same (Column, Layer, Cell, Compartment) paradigm used in the CONNECT. Each stimulus object delivers input messages to the specified CLCC group, and each report object retrieves information from a specified CLCC group and writes it to a file.

The same GCList created by the Connection Manager is used to determine which nodes contain the CLCC group for each stimulus or report. If a node does contain the cells, a report or stimulus object is created, and placed in the Brain’s list.

2.9 Thinking

The thinking process is a simple loop which is repeated once for each timestep. In each iteration, each node does the following steps:

• Process the stimulus objects for the node

• Call the MessageBus function to deliver messages created by stimulii, or which may have arrived from other nodes.

• Loop through the list of cells on the node, calling each one’s DoProcessCell function to invoke its computation.

• Call the MessageBus function to ensure that all message packets created at this timestep have been started on their way to the destination nodess.

• Process the reports

• Ensure synchronization. For performance (as discussed in ?), this is not as simple as a barrier at the end of the timestep, but for simplicity can be thought of as such.

This thinking process continues for the specified number of timesteps, then the program cleans up and terminates.

2.10 Internal Cell Processing

The simple statement ”process the cell” hides the bulk of the computation of the cellular and synaptic dynamics that are being simulated. This section expands on that statement.

As mentioned above, the Cell object is merely a container for one or more Compartments, so that the DoProcessCell function consists simply of calling each Compartment’s DoProcessCompartment function.

A Compartment has an internal state which consists of various biologically-derived parameters. Chief among these is the membrane voltage, which is driven by input stimulii. When this voltage reaches a particular threshold value, it spikes, the cell fires an action potential, and the voltage collapses.

In addition to its own state, a compartment will contain some or all of the following objects (implemented as arrays or lists):

• Channels of various types. These simulate various components of the biological neuron, and act to change the membrand voltage.

• Spike templates, which are voltage waveforms for the firings.

• Synapses, derived from the To side in the connection step.

• SendTo structures, which specify what cells the firing messages are to be sent to. These are derived from the From side in the connection step.

• Incoming messages to be processed.

The processing loop for a compartment is thus in general:

• Process all the incoming messages for the timestep. These may be either Stimulus or Spike (synapse firing) messages. Stimulus messages simply modifiy the Compartment’s internal voltage or current. Spike messages place the corresponding synapse on the active list (if it is not already active), or add a new PSG waveform to it if it is already active.

• Process the active synapses and channels, and their outputs modify the internal state of the compartment. If the threshold voltage is reached, the compartment fires. The SendTo list is used to generate Spike messages for all destination cells.

The Channel and Synapse objects likewise conceal much internal complexity.

Is further discussion of internals of Channel and Synapse needed? It’s not really relevant to thesis.

Chapter 3 Profiling Tools

In attempting to model biologically-interesting properties of the brain within a realistic time frame, the NCS program pushes the limits of both speed and memory. Considerable effort has therefore been devoted to optimizing the code both for speed and size.

When attempting to optimize code, it is extremely useful to have tools with which to accurately measure the quantities that are being optimized. Currently there do not appear to be any such tools, especially for parallel programs, that are both useful and readily available.

Thus in order to efficiently accomplish the optimization work described in this thesis, it was necessary to develop a set of tools that could accurately measure both elapsed time (or machine instructions) and memory use. These tools are of two sorts: functions called from within the program, which collect information for later analysis, and programs that use external information to monitor run-time progress and resource stats.

3.1 Internal Profiling Routines

These fall into two categories, those that profile execution speed, and those that profile memory use. Although the methods used in the two categories are different, the functions and their outputs have been combined in a single package for convenience.

3.1.1 Profiling Execution Time

There are two basic methods of profiling code. The first, embodied in e.g. the classic prof/gprof interface, is to pre-process the code, inserting data collection statements in the executable at regular intervals. The output is then analyzed, and the fraction of time spent in any particular section can be calculated.

The problem with this approach is that executing the data collection statements will typically increase a program’s execution time by an order of magnitude or more. While this overhead is not itself counted in the profiling (so that results remain valid), the increased run time may - and most certainly does in the case of NCS - make profiling runs impractical. Furthermore, parallel programs are often dependent on the relative timing of events in different execution threads, so that the increase in execution time changes the behavior of the program.

Probably for these reasons, there do not seem to be any attempts at parallel profiling packages using this approach.

The second method is simply to measure the execution time of particular segments of code, using some external or internal clock as a reference. This is more practical in that it does not greatly change the executing code or its timing: the difficulty lies in finding a clock that is both accurate and fine-grained enough to measure short sections of code. Available sources (Linux time, MPI Wtime) have resolutions in the microsecond range at best, while CPUs currently operate at clock frequencies of 1 GHz and above. Thus during each tick of these clocks, several thousand machine instructions may be executed.

To address this problem, many current microprocessors implement an internal hardware clock of some sort. In the Intel Pentium architecture, this is a 128-bit counter that is incremented each clock tick. This counter is accessible from user code via the RDTSC instruction (which returns the count as a 128-bit unsigned long long) is in effect a clock with approximately sub-nanosecond resolution.

There are a number of technicalities, mostly related to instruction scheduling and pipelining, that limit the practical resolution to several tens of clock cycles. These are addressed in (Intel paper). However, it is still far more accurate than any other time source. For the purposes of this code, it is sufficient to know that the RDTSC instruction is atomic, that the value read represents clock ticks since the processor was rebooted, and that the rollover period of the counter is on the order of 100 years.

At present there are several attempts at profiling packages using this instruction. (TAU, SVPablo, etc.) None of them proved usable with the NCS code, however, being tied to particular environments and/or C++ dialects, or requiring the installation of kernel patches that might have conflicted with the cluster management software. Most of these packages also seem rather over-ambitious, attempting (but failing) to automate the instrumentation of the code, or providing GUI analysis tools which never quite manage to display output in a useful form. For these reasons, it was necessary to develop a simple profiling package for use with NCS.

3.2 The QQ Profiling Library

This profiling package is called QQ. It is by no means tied to NCS: it should be possible to use it as-is with any program, parallel or sequential, that runs on an Intel Pentium based Linux platform and is compiled with a gcc-based compiler. It should also be easy to adapt it to other processor families that have similar internal counters, merely by replacing the RDTSC instruction with one appropriate to the hardware.

3.2.1 Basic Theory of Operation

The principal goal of the QQ timing code was to interfere as little as possible with existing code. The profiling operations themselves should execute as quickly as prossible, so as to cause minimal change to program timing and increase in run time. It is likewise desireable to be able to insert the needed instrumentation calls in the code in a manner that would distract as little as possible from code readability, and which could be turned on and off with a simple compile flag.

QQ is based on the notion of recording events of named types. Each event has some associated information: at the least a key (which is an index into a table of names), and an event time. Depending on the type of event, there may be other information such as a value, count, or state flag. The various event types are combined into an event union.

When the profiler is initialized by calling the QQInit function, it allocates memory for some specified number of events, initializes the event pointer to the first event, and sets the base time to the current RDTSC value.

After initialization, one or more of the QQAdd* functions are called to add event types to the internal name table. Each function is passed a name (character string) for the type of event, and returns the integer key for the event. These keys are variables in program space, and are the only parts of the QQ timing package that exist in code when it is compiled with the QQ ENABLE flag off.

The individual event recording functions are thus reduced to a minimum: each checks to see if the event pointer has exhausted the allocated number of events. If not, the RDTSC instruction is called, the returned value, the key, and any other information is written to the current event, and the event counter is incremented.

The QQRecord function allows event recording to be turned off and on under program control. It does this by caching the current event pointer and replacing it with a value greater than the max allocated. This allows the event recording functions to use a single test to determine whether or not an event is to be recorded.

When profiling has finished, the QQOut function is called to write the saved event information to a file. For parallel programs, the output from all nodes is combined into a single file, along with information to identify each node. This file can later be read by a simple C program, and the information converted to the forms needed by various analysis tools.

3.3 Profiling Memory Use

Profiling a program’s memory usage is a more difficult task than profiling execution time. Indeed, it does not appear that a completely satisfactory solution is possible. However, is is possible to gather much useful information, and the routines to do so are described here.

First, in a Linux system it is possible to obtain the total memory allocated to a process at any point in time, by reading the statm pseudo-file in the process directory of the /proc filesystem. This file contains the number of 4 KByte pages allocated to the process, which gives a useful handle on total memory use at any point in the program. However, this number is all memory, and includes both code and data space, including memory owned by the memory allocator on behalf of the program, but not actually in use. Further, there is no way to determine what parts of the program have allocated what memory.

Memory which the program allocates directly by calls to malloc family functions is easily measured. The trick is to use the preprocessor to redefine the function call to a different function, which records allocation information, then passes the call on to the actual allocation function.

Thus for instance the redefinition of malloc is

#ifdef MEM_STATS
   #define malloc(arg) MemMalloc (MEM\_KEY, arg)
#endif

Each call to malloc in the code now becomes a call to the MemMalloc function, and the new call contains an additional argument, which is the key under which the allocated memory will be recorded.

Each chunk of allocated memory is stored in a C++ map object, indexed by its address. (The pointer value returned by the alloc call.) The call to free is redefined to remove the item corresponding to the address from the map. In this way, a consistent record of all currently-allocated memory is maintained.

The records for each item can contain information on the type of object, what routine allocated it, and so forth.

3.3.1 Object Creation

It should in principle be possible to do something similar to the above for objects, by overloading the new and delete operators. This has not yet been done in practice. Instead, a simpler method was used. This method requires a bit more work from the programmer, but gives useful results.

Essentially, each object constructor must have calls to the MEMADDOBJECT and MEMFREEOBJECT routines added to them. When memory profiling is turned off, these calls evaluate to empty statements; when it is on, they evaluate to calls to the memory recording functions, and contain the object’s this pointer and the sizeof (this) value as arguments.

These functions allow most explicitly allocated memory, and objects defined in the code, to be recorded. Memory that is allocated internally, by various library functions or standard C++ objects, can not be recorded, however. The information available, although not complete, is still quite useful. If nothing else, the amount of memory recorded as allocated by the profiler can be compared to the total allocated to the program. If the two quantities are significantly different, the memory is probably being allocated somewhere internally.

(Usage examples either here, or in body when describing measurements?)

3.4 External Monitoring Programs

In Linux, there is a good deal of information about the state of the system, and of individual processes, available from the /proc filesystem. The problem is one of extraction and organization: at this writing, the Cortex cluster is composed of 64 separate Linux operating systems, each controlling two CPUs. Parallel programs such as NCS may run on any or all of these nodes. Indeed, a node may have several program processes running on it, for instance to take advantage of the P4 chip’s second (virtual) CPU. How then does one identify the subset of available information that is relevent to the program one is examining?

One solution to this was addressed briefly in Chapter 2. On startup, each process in the parallel program extracts information from the system that serves to identify itself: the name of the machine within the cluster, its process ID, and its node number or MPI rank. That information is gathered to the root node via MPI, and written to a ”Kill File”. (The name derives from its original purpose, which was to provide a means of quickly killing all the processes of a misbehaving job.)

The information in this file can be used by programs to extract almost any item of information about a program that is available from the system, and organize it in a form useful to the user. The variety of possible programs is unlimited, but two useful examples will be briefly discussed here.

3.4.1 memsnoop

This is somewhat analogous to the *nix top utility. Large NCS models tend to push the hardware limits of even the Cortex cluster, and occasionally a process will fail for reasons such as memory exhaustion. The MPI system often does not return an identifiable error when this happens: the other processes eventually block on communications to the dead node.

memsnoop provides a means of monitoring process status and available memory on all the nodes of a process. An early prototype consisted simply of a perl script which read the killfile information, and used the ssh remote execution facility to repeatedly execute the command

cat /proc/meminfo — grep MemFree

on each node. The returned line was scanned for the amount of memory, the amounts sorted, and the several lowest displayed. This served to identify one node that was consuming a disproportionate share of memory. (Did it fix?)

(The writeup here is somewhat in advance of actual code!)

A more sophisticated and efficient version was itself implemented as an MPI program, using the Ethernet communication channel rather than Myrinet to avoid conflicts.

The killfile is again scanned as a source of information, and the program run on the same nodes. Each instance scans several information sources: the /proc/meminfo file to obtain memory usage for the entire node; the /proc/processID/statm files for each process on the node, and (other sources for CPU info).

This information is then sorted, and the several highest/lowest values displayed. The query repeats at specified intervals, so as to allow near real-time monitoring of status information.

3.4.2 Parallel gdb

Perhaps an extreme case of performance monitoring is the use of a debugger such as gdb. Unfortunately, gdb is not equipped with an intentional parallel debugging ability, but it does have features that, with the application of some ingenuity, allow some simple, but extremely useful, parallel debugging.

This is most useful in cases where one or more processes encounter an unexplained segfault, or where the section of code that needs debugging can be located fairly precisely.

gdb has the ability to ”attach” itself to a running process. Since the killfile contains the process ID and machine name of each process, a script can be written that invokes an instance of gdb which attaches to each process. The script opens an xterm window for each instance, and debugging interaction can be done in each.

The executable being debugged must have some delay inserted after the initialization/killfile creation step, in order to allow the user to run the parallel gdb script.

gdb also has the ability to read commands from a script file. The default command set is simply to resume running the executable it has attached to, and continue until the program terminates, either normally or with an error. When there is an error, standard gdb commands such as ’bt’ and ’frame’ can be used to localize the fault, and examine code and data at that point in order to determine the cause.

Other gdb commands can be specified in a user-defined command file, so the user may for instance specify particular breakpoints.

Chapter 4 Improving Parallel Performance

Much of the work of optimizing the NCS code has been essentially sequential programming: after all, the result of parallelizing a slow program is a slow parallel program. This has been mostly the repeated application of the tools discussed in (q.txt): measure performance, locate speed bottlenecks or excess memory use, improve that section of code, and repeat the process until no further improvements can be made.

While valuable, this work is not the stuff of which a thesis is made.

This chapter will describe several performance limitations that were specifically parallel in nature, and the solutions that were developed.

As can be seen from the profiling statistics in [tables], three factors worked to limit the performance of the parallel NCS3: load imbalance, message-passing overhead, and a barrier synchronization at each timestep. Each of these was addressed in this work, and substantial improvements made.

As the models the research team was building increased in size, it was discovered that the process of building the brain, and specifically of making the synapse connections between compartments, was taking an increasing share of time. Therefore a new algorithm was developed.

4.1 Load Balancing

Load balancing is the process of attempting to distribute work evenly amongst the CPUs on which a parallel program runs, so that all processors are fully utilized. For many applications this is a simple matter of assigning an equal number of work units to each node, and indeed this was the approch originally taken by NCS3. However, it proved less than satisfactory in practice, for a number of reasons:

1) The original Cortex system had 64 identical CPUs. This offered the optimal price/performance at the time. When the system was later expanded to 128 CPUs, that price/performance point had moved, so that the new CPUs have about 3 times the compute power of the originals.

2) Cells are not identical: they are constructed from a number of different types of components such as compartments, channels, and so on. Each cell type therefore has a different computational weight, which can be approximated as the sum of the components. [table: compute weights]

3) Most importantly, in all but the most trivial models, the number of synapses exceeds the number of cells by a large factor. (Recall from biology that a typical cell may have on the order of a thousand synapses.) Thus synapse processing is the generally the most significant component of computational load.

4) When running larger models - on the order of 10^9 synapses or more - it becomes necessary to balance not computation, but memory usage. Each synapse requires a fixed amount of memory. (This of course is true of the other brain components as well, but since the total memory used for all other components is only a miniscule fraction of the amount used for synapses and messaging, those other components are neglected here.) To run the largest possible models, some imbalance in computation must be accepted in order to provide sufficient physical memory for the model.

Factoring synapses into load-balancing algorithms is complicated by the fact that computation takes place on a particular synapse only when the synapse is in the ”firing” state. It is not possible to predict when or how often this will happen: it is ultimately determined by the stimulus inputs that are presented. Indeed, in a very real sense, obtaining these synapse firing patterns is the entire point of an NCS simulation . In practice, the best that can be done is to derive a heuristic weight.

This unpredictability applies to memory usage as well: the amount of memory needed to construct the brain can readily be computed, but the running brain needs significant additional memory to hold the dynamic information that represent synapse firing states. The exact amount required is of course impossible to predict, but in practice the current implementation seems to require about the same amount for dynamic as static data.

General formula?

In order to include synapse weights in the load distribution calculations, at a minimum the number of connections between each pair of cell clusters must be known before the distribution is done. This in turn implies some sort of global address table, or lookup mechanism, from which each node may obtain the necessary information for the other ends of the synapses its cells own.

Since each node must have identical info, the simplest way to accomplish this is to create an identical copy of the table on each node. Early versions of NCS4 used a lookup table with entries for each cell, which was adequate for fairly small models. When the number of synapses approached the 50 million mark, however,the amount of memory used devoted to this table was approximately 1 gigabyte. Obviously, a more compact table was needed.

Currently this table is based on the cell cluster. (Recall that a cluster is a group of cells defined by the CELL_TYPE statement, which are identical except for random variation.) This reduces the memory requirement to a few megabytes, rather than gigabytes. (The exact reduction factor depending on the number of cells per cluster.) It is also convenient in other ways, since the input file format describes inputs, outputs, and connections between cells all in terms of clusters.

4.1.1 Load Balancing Algorithm

Any balancing algorithm must have some way to determine the compute power of the processors on which the program is running, and the amount of computation to be distributed among those processors.

Linux provides a simple and reasonably accurate performance measure in the bogomips number. This number is calculated as part of the boot process, and is always available in /proc/cpuinfo.

In the initialization phase of an NCS process, each node reads its bogomips number, and these individual values are gathered (MPI Allgather) onto every node. The sum is the total compute power available to the program, and thus the share contributed by each processor is a simple fraction.

The total amount of computation is determined by assigning some weight, say 1.0 for simplicity, to an ordinary cell, and fractions of this amount to compartments, channels, and synapses. A simple summation thus gives a compute weight for each cluster. (Note that synapses are only counted on the receiving end, since the outgoing side of a synapse is not computationally significant.

Now clusters can be assigned to each node according to some scheme. The simplest such is simply to assign clusters to nodes in a round-robin fashion, so that each node gets at least one cluster, until each node has approximately its assigned weight, and all clusters are assigned.

More complicated schemes are of course possible: for instance, since cells within the same cell grouping (cluster, layer, column) tend to communicate more frequently within the group than across groups, and message passing between cells on the same node is far cheaper than between cells on different nodes, an effective load-balancing algorithm should try to assign whole groups to a node, if load balance can be preserved. This implies that the algorithm will need to use different strategies, depending on the size of the model and its groupings.

4.1.2 Implementation

As described above, the load distribution and connection process has three steps:

1. Create the cluster and connection information from the input, counting the number of cells and connections.

2. Assign clusters to nodes according to some algorithm that attempts to optimize computational load, memory use, and communication.

3. Create the cells and connections.

4.2 Connections

Once clusters have been distributed to nodes, and the actual cell objects created, the connections between them - that is, the synapses - must be determined.

4.2.1 Creating Connections

Connections between two clusters of cells are determined by probability. Connections are seldom all-to-all (since this is both biologically unrealistic and computationally infeasable). Given two clusters FROM and TO, with M and N cells respectively, and a connection probability P ¡= 1.0, a connect specifier will create M * N * P synapses. Note that it is also a requirement that the connections created by any specifier be unique: that is, for any i,j, there should be at most one synapse FROM [i] -¿ TO [j].

Previous versions of NCS used a simple probability test to determine connections: loop through both M and N, generate a random number each time, and if that number is less than the specified connection probability, make the connection. While this performed adequately for small numbers of cells, it is obviously O(n^2).

A simple algorithm that is approximately O(n) is possible. This requires an M * N connection map array. Two random numbers are selected in the ranges (0...M-1) and (0...N-1). This pair indexes an entry in the map array: if the entry is not set, it becomes set, and the total number of connections made is incremented. If it is set, a new pair of random indices is generated. In either case, the process continues until the required number of pairs are generated.

(For probabilities ¿ 0.5, the obvious inversion is used: all connections are initally assumed to exist, and the random process deletes them until the desired number are left.)

Since in practice connection probabilities are generally on the order of 0.1 or less, duplicates are quite rare, and the algorithm is essentially O(n).

4.2.2 Making Connections

Recall that each connection, or synapse, is a one-way communication channel FROM some cell TO some other cell. (In actuality, from a compartment in the FROM cell to a compartment in the TO cell.) A cell cell sends firing messages out on all synapses for which it is the FROM end, and so must know where to send the messages. This is implemented as the compartment’s SendTo list: an array containing the (Node, Cell, Cmp, Synapse) address of each of the compartment’s TO compartments.

On the TO side, each cell likewise maintains an array of Synapse objects, each of which is the destination of a SendTo. This object is where the actual computation for the synapse takes place.

At first sight, there would seem to be a circularity here. The cells must be assigned to nodes before the connections can be made, but the connections (or at least their number) must be known to do the load balancing and distribution. By appropriate design of the connection algorithm, however, the information in each CONNECT statement serves to specify the exact number of synapses that are to be created, even though the specific cells to be connected by them will not be determined until later.

The connection algorithm thus proceeds as follows:

1. On every node, loop through the connect descriptor list:

2. If the current node is the TO side of the connect, determine which particular cells are to be connected. This is done with a connect map: pairs of random numbers are selected to determine the FROM and TO cells, and the map is marked to prevent duplicates. For small connection probability (which is nearly always the case in practice) this scheme is nearly O(n).

3. If the FROM side of the connect is on this node as well, process the information directly, otherwise use MPI to transmit a copy to the FROM node.

4. If the current node is the FROM side, but not also the TO side, it listens for the information to be received from MPI. Sends and Receives will match because each node processes the list of FROM-TO pairs in the same order, so there is no danger of deadlock.

5. The FROM side uses the information to create a SendTo object for the specified compartment, and stores a pointer to the object in a temporary vector.

6. The TO side likewise uses the information to create a Synapse object for the destination compartment, and stores a pointer to the it in a temporary vector.

7. When all connects have been processed, loop through all the compartments on the node, allocate permanent arrays for both Synapses and SendTos, and copy the pointers to them. For efficiency, each compartment’s lists can be sorted at this time.

4.3 Message Passing & Synchronization

The message passing scheme used by NCS3 [diagram?] had a number of inefficiencies. The most notable of these was the use of the same communicator and message format for distributing stimulus and report data in addition to the synapse firing messages. The message packaging scheme meant, for example, that for each stimulus or report value transmitted, about 50 bytes of unneeded overhead were sent.

In addition, messages were pre-allocated, with a message object allocated for every synapse. This wasted a great deal of memory, since only a small fraction of synapses (typically ¡ 5%?) Probably much less. Do firing counts for large model? of synapses are actively firing (and thus transmitting a message) during any particular timestep.

NCS4 separates the three functions. Stimulus messages and reports now produced locally on each node (except for real-time stimulus). This reduces the traffic on the network, and allows the size of the individual synapse firing message to be reduced from 66 to 24 bytes.

These changes resulted in significant performance gains [table]. Further analysis showed that more improvement was possible. The old algorithm passed messages through several layers, with lots of memory movement,OOP at fault?

In the new scheme, a message is a logical entity, which has no existence as an individual object. Instead, the program deals with packets. A packet contains some header info, plus a number of messages. The size of a packet is chosen to match the most efficient Myrinet transfer size. table of packet speeds? This is1K in current implementation - smaller packets are no faster!

At startup, the MessageBus for each node determines which nodes it will be sending to, and prepares an empty packet for each node.

During each DoCell portion of each timestep, cells may fire. When one does, messages for each cell in the firing cell’s SendTo list are placed in the destination nodes’ packets. The packets’ TimeSent and LastTime fields are updated according to the synapse propagation time. (Must be at least 1 timestep.) When a packet is full, it is sent, and another empty one obtained from the packet pool. The sent packet meanwhile remains in an active state, so that the non-blocking MPI Isend function can be used, thus allowing overlap of communication and computation.

This continues until all cells are processed, at which time the last packet has its SYNC flag set, and is flushed. (If no messages are pending in the packet, it is sent empty, so that the destination node will get the SYNC flag, and thus be notified that this node has completed the timestep.) The program then continues with the DoReport processing for the timestep, while MPI/Myrinet is transferring the messages.

Since in any significant model the computation time is several orders of magnitude larger than the packet transmission time, this allows most of the communicaton time to be effectively overlapped by computation.

The MessageBus::ReceiveMsgs function listens for incoming packets. When one is received, it checks the SYNC field, and updates the NodeTime for the sending node. It then places the packet in the slot of the Pending list that corresponds to the packet’s LastTime field. It then walks through the messages in the packet, filling in the Msg- ¿link field to add it to the linked list of messages to be delivered at the Msg-¿Time timestep.

At each timestep, DeliverMsgs takes the messages in that list, and re-links them into the IncomingMsgs lists of their destination cell and compartment.

The packet is meanwhile being held in the Pending list (because messages are really just fields in the packet). When the timestep reaches the current Pending list entry, all messages in the packets in that entry have been processed (because the Pending list is indexed by the LastTime field...), and the empty packets can be returned to the packet pool.

4.3.1 Synchronization

Most of the computation time in the NCS program is used in computing the effects of synapse firings on the receiving compartments. The firing rates, however, are essentially random, being determined by the brain’s reactions to stimulus. Therefore it can be expected that, regardless of how well the number of synapses is balanced between nodes, the actual amount of computation will vary both between nodes and over time.

As a consequence, one node, and probably not the same node at each timestep, will take the longest amount of time to finish its computations. If a simple end of timestep barrier is used for synchronization, then all the other nodes will be idle for some part of the timestep.

This MessageBus implementation attempts to circumvent that. Recall from Chapter 1 that the electrochemical pulse from a firing cell propagates along its synapses at a relatively slow speed. This typically translates to several tens of simulation timesteps.

Thus for each node there is a sort of event horizon, which depends on the minimum synapse propagation time of the nodes with which it communicates. If this minimum time is dt, then nothing other nodes do at time T can affect this node until (T+dt). Therefore a barrier mechanism constructed to utilize this event horizon can allow some of the end-of-timestep idle time to be used. The node may simply continue to work until it reaches (T+dt). Meanwhile messages have continued to arrive from the other nodes, and unless our node is consistently under-loaded, these messages will contain SYNC flags indicating that their nodes have progressed to another timestep.

More stuff? Graph of execution showing overlaps?

Add stuff about Memory use/optimization? PSG pools, synapse size reduction, and so on.

Chapter 5 Results

5.1 Model Sizes

The current code has demonstrated the ability to handle models of over 10^9 synapses more?, using reasonable input parameters.

5.2 Performance

5.2.1 Sequential Performance

There are two components to be considered in any analysis of sequential performance. The first component is a base time, which is the time for processing all the cells that compose the brain, their sub-components, any I/O, and so on, but not for synapse firings.. For any given brain design, every version of the code should be modeling the same set of brain processes, and therefore changes in the execution speed reflect preformance inprovements.^1

1Disregarding minor differences due to changes in the underlying models, random initialization, etc.

Table ? shows change in base time between NCS3 and NCS5 for several model sizes

Spike time is the amount of time spent processing the synapse firings, or spikes. Realistic models should expect to spend the bulk of their time doing this. Measuring this, however, is not straightforward: because of the random nature of inputs (and changes to the underlying model), different versions of the code will not return exactly the same results for a given input. Instead, it is presented as a spikes/second rate. The base time (in the absence of firings) is measured, and subtracted from the execution time with firing. That time is then divided by the number of spikes that occurred in that time.

Table ? shows spike rates for NCS3 and NCS5, for several different synapse types

5.2.2 Parallel Performance

I don’t think original NCS3 runs in parallel, so what to compare?

Transmitting synapse firing information accounts for virtually all of the communication between nodes. The base rate described above is measured in the absence of any firings, therefore speedup should be nearly linear with number of processors.

Table ? shows speedup for NCS5 base rate over number of processors show several model sizes?

Firing rates do involve parallel communication. show rate with MPI Barrier at each timestep here?

5.3 Load/Memory Balancing?

Show speed difference between balanced/unbalanced models?

5.4 Latency, Message Bus Overlap?

Show how MessageBus overlaps timesteps - execution timing plot? Graph idle time with barrier, show overlap with new MessageBus? (Note how is important for small models, less so for large, due to MPI speed.) Show Myrinet/MPI packet times?

5.5 Final

Show old vs new times if poss. Speedup with best parameters?

Chapter 6 Conclusions & Future Work

The work covered by this thesis has:

• improved the performance of the NCS program by 2-3 orders of magnitude.

• demonstrated the capability of simulating realistic brains containing upwards of 10^6 cells and 10^9 synapses.

• demonstrated that model size and performance scale linearly over the number of processors available for testing.

• created a number of useful profiling and performance measurement tools.

6.1 Performance - Time

(Old NCS we have can just do sequential, not parallel?)

Two separate areas of performance, sequential and parallel, have been addressed in this work.

The issue of sequential performance is complicated by the strong dependence of performance on spike rates, which in turn is dependent on both the design of a particular model, and the input which is presented to it. There is what might be called a base performance, the time needed to process the cells and their components in the absence of any spikes, and the spike processing performance, which in turn is complicated by factors such as synapse learning. Adding to the complication are ongoing changes to input formats, and the detection and repair of a number of bugs that substantially affect results.

The upshot is that any performance comparison is both difficult and somewhat arbitrary, since even when the same model is created in the different formats required by the old and new code, running that model on identical inputs will, due to the aforementioned bug fixes, produce different outputs and spike rates.

Rough numbers, using old 1column.in: base rate w//no spiking is about 33x faster, with reasonable spiking, non-learning synapse, about 8x more?

Parallel performance comparisons are more problematic still: Due to system failures, no working parallel version of the original code exists. Therefore the results reported in (CW thesis) are used here as a standard of comparison.

It is there reported (page ??) that a model containing 1.5 million synapses, run for a simulated time of 0.5 seconds, took approximately 50,000 seconds execution time on the original Cortex cluster. (It is not reported whether both CPUs per node were used, but that will be assumed.

Add comparison with latest results, reasonable spiking rates per PG?

6.2 Performance - Memory

In addition to processing speed, optimization of memory use is critical to the lab’s planned research. Mention billion-synapse committment for ONR grant? Our cluster supports a mere 256 GBytes of RAM: some of the models our team would like to run require billions of synapses, each one requiring some memory to hold its individual attributes and state.

Numbers - maybe 1000-fold improvement?

6.3 Analysis

In computer science, it has lately become something of a truism that code optimization (or at least optimization done by programmers rather than compilers) is wasted effort: if more performance is needed, one simply buys faster processors. This thesis should amply demonstrate the falsity of that, at least for computationally significant applications.

During the course of this work, the size of the Cortex cluster was doubled, with the new processors being about 3 times faster than the original. This was done at a cost of some $200,000, and resulted in at most a sixfold increase in performance and a doubling of maximum model size.

Over the same period, the programmer effort invested in optimization would have cost roughly half that amount at market rates. (But actually cost far less, given grad student pay scales! - I’m figuring I averaged 20 hrs/wk on optimization, the rest on new features and deciphering the old code.) This optimization produced roughly a 50-fold increase in speed, and a thousand-fold increase in maximum model size.

Much of the difference in performance can, I believe, be traced to the overuse of an object-oriented design philosophy in the the original code. When a program is seen as a collection of abstract objects, divorced from their actual machine representation, it becomes difficult to keep in mind that those objects and their operations will always incur some cost in machine cycles and memory, and that cost does not necessarily bear any relation to the representation of the object in source code.

6.4 Future Work

Despite the significant performance increases in the course of this work, there are still areas where further improvements may be made. Some of these are:

Threaded Message Receive: Currently incoming messages are processed only at certain points in any timestep. It might prove more efficient if reception could be threaded, so that each message packet is moved from the MPI subsystem to program space as soon as it arrives.

Distribution: It should be possible to distribute cells to the various nodes in such a way as to minimize inter-node message traffic, and the associated overhead. Likewise, if clusters can be assigned to nodes in such a way that a degree of ”pipelining” is possible, then the MessageBus will allow more overlap of computation, and throughput will be improved.

Synapses: Currently there is a single type of Synapse object, which contains all the variables necessary for the most complicated type. Size could be reduced even further (with some speedup), by using inheritance to allow different sub-types, with the lesscomplicated containing only the variables they need.

The rest of this either has been done or should be before thesis is finished.

Report Output: This can be improved significantly. Currently all reports funnel through a single node. (This is a holdover from previous versions which did load balancing per-cell rather than per cluster, and made it necessary to collect values from several nodes into one output file.) The use of asynchronous file I/O should be investigated as well.

Synapse Optimization: Although the code for synapse processing now uses by far the greatest part of processing time, not much attention has been given so far to its optimization. Given the improvements demonstrated elsewhere, it seems likely that effort devoted to this would be well repaid.

Size Optimizations: Currently synapse addressing uses a 4-part addressing scheme. Each sending compartment contains a (Node, Cell, Compartment, Synapse) address for each connected synapse. The (Cell, Compartment, Synapse) part of this address must be transmitted in each Message.

It should be possible to reduce the 12 bytes of the (Cell, Compartment, Synapse) to a single 4-byte address: the actual address of the receiving object on the destination node. Delivery of the message thus becomes a matter of converting that address to an object pointer, and calling the object’s ”Receive Message” function.

Since any particular compartment will most likely send to only a few other nodes, it might also be beneficial to arrange the SendTo addresses in a list of nodes, thus further reducing space requirements.

Synapse: There are several variables in a Synapse object that appear to be identical over a particular type of synapse. For space efficiency, these should be moved to a single struct that is shared amongst all synapses of the type.

6.5 Finally...

As noted in the first chapter, the human brain contains some 10^{11} cells, with an estimated 10^{14} synapses. Currently we can simulate perhaps 10^6 cells and 10^9 synapses, at a rate of perhaps 10^4 seconds of computation to each second of real time. Thus our program and cluster, for all that it is close to state-of-the-art computing technology, is capable of simulating only about one billionth of the activity of a human brain.

Appendix A QQ User Manual

The following functions are available for the timing interface. They are contained in the files QQ.cpp and QQ.h. Note that they can be used as-is with either C or C++ programs, simply by renaming the source file to the appropriate extension and compiling.

A.1 Functions

void QQInit (int nEvents);

Initialize the package, specifying the max number of events to be recorded. (Note: need to add error return if insufficient memory.)

void QQBaseTime (void);

Reset the base RDTSC value in QQInit. This might be done if for instance there was a substantial amount of time spent in program initialization before the section of interest begins.

int QQAddState (char *);

Add a state type event to the table. This may have two values, on or off.

int QQAddMark (char *);

Add a mark type event to the table. This simply records the event time.

int QQAddCount (char *);

Add a count type event to the table. This records an event time and an associated integer count.

int QQAddValue (char *);

Add a count type event to the table. This records an event time and an associated floating point value.

void QQStateOn (int key);

Set state key to ON.

void QQStateOff (int key);

Set state key to OFF.

void QQMark (int key);

Record mark for key.

void QQCount (int key, int count);

Record count for key.

void QQValue (int key, double value); Record value for key. void QQRecord (int flag);

Set recording ON or OFF, according to whether flag is TRUE or FALSE. void QQOut (char *filename, int node, int nodes);

Write event info to filename, storing it as for this node of nodes total.

A.2 QQ Output File Format

Profiling event output is stored in a binary file, formatted as follows.

• nkeys (int) - Number of keys in table, assumes table the same on all nodes. • keylen (int) - Length of key name string • key table - for each key:

– key # (int) - Index of key (0...nkeys-1, 0 is reserved) – key type (int) - – key name (keylen * char) - • nnodes (int) - number of nodes • node table - for each node

– offset (size t) - index in file at which data for the node starts

– size (int) - number of entries for node – Tbase (unsigned long long) - Base tick count for node – MHz (double) - frequency of node, in MHz (from /proc/cpuinfo)

• data - for each node

– (size * QQItem) - data entries

QQItem is defined as

typedef struct _QQItem
{
  int Key; /* Code for name of this item */
  union
  {
   int State; /* 0 = off, 1 = on */
   int Count;
   double Value;
  } Val;
  unsigned long long Time; /* Time of event */
} QQItem;

Bibliography