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How to Program a GPU 

• Proprietary programming language or 

extensions 

– NVIDIA: CUDA (C/C++) 

– AMD/ATI: StreamSDK/Brook+ (C/C++) 

• OpenCL (Open Computing Language): an 

industry standard for doing number crunching on 

GPUs. 

• Portland Group Fortran and C compilers with 

accelerator directives. 

 



CUDA Highlights: 

Easy and Lightweight 

• The API is an extension to the ANSI C 

programming language 

           Low learning curve 

 

• The hardware is designed to enable lightweight 

runtime and driver 

           High performance 

 



CUDA’s Scalable Programming Model 

• The advent of multicore CPUs and manycore GPUs means that mainstream 

processor chips are now parallel systems.  

• Their parallelism continues to scale with Moore’s law.  

• The challenge is to develop application software that transparently scales 

its parallelism to leverage the increasing number of processor cores, much 

as 3D graphics applications transparently scale their parallelism to 

manycore GPUs with widely varying numbers of cores. 

• CUDA’s parallel programming model is designed to overcome this challenge 

while maintaining a low learning curve for programmers familiar with 

standard programming languages such as C. 



CUDA’s key abstractions 

• At its core are three key abstractions that are simply exposed to the 

programmer as a minimal set of language extensions: 

– a hierarchy of thread groups,  

– shared memories,  

– barrier synchronization  

• These abstractions provide fine-grained data parallelism and thread 

parallelism, nested within coarse-grained data parallelism and task 

parallelism.  

• They guide the programmer to partition the problem into coarse sub-

problems that can be solved independently in parallel, and then into finer 

pieces that can be solved cooperatively in parallel.  

• Such a decomposition preserves language expressivity by allowing threads 

to cooperate when solving each sub-problem, and at the same time enables 

transparent scalability since each sub-problem can be scheduled to be 

solved on any of the available processor cores:  

– A compiled CUDA program can therefore execute on any number of processor 

cores, and only the runtime system needs to know the physical processor count. 

 



CUDA Programming Model: 

A Highly Multithreaded Coprocessor 

• The GPU is viewed as a compute device that: 

– Is a coprocessor to the CPU or host 

– Has its own DRAM (device memory) 

– Runs many threads in parallel 

• Data-parallel portions of an application are executed on the device 
as kernels which run in parallel on many threads 

• Differences between GPU and CPU threads  

– GPU threads are extremely lightweight 

• Very little creation overhead 

– GPU needs 1000s of threads for full efficiency 

• Multi-core CPU needs only a few 

 



Programming and Execution Model 

• Kernels 

• Thread Hierarchy 

• Memory Hierarchy 

• Host and Device 



CUDA API Basics 

• An Extension to the C Programming Language  

 
– Function type qualifiers to specify execution on host 

or device 
 

– Variable type qualifiers to specify the memory location 
on the device 

 

– A new directive to specify how to execute a kernel on 
the device 

 

– Four built-in variables that specify the grid and block 
dimensions and the block and thread indices 

 



CUDA API Basics 

• Function type qualifiers  

 

 __device__  
•Executed on the device  

•Callable from the device only.  

 

 __global__  
•Executed on the device,  

•Callable from the host only.  

 

 __host__  
•Executed on the host,  

•Callable from the host only.  

 



CUDA API Basics 

• Variable Type Qualifiers  

 

 __device__  
•Resides in global memory space,  

•Has the lifetime of an application,  

•Is accessible from all the threads within the grid and from the host through the 
runtime library.  

 __constant__  (optionally used together with __device__)   
•Resides in constant memory space,  

•Has the lifetime of an application,  

•Is accessible from all the threads within the grid and from the host through the 
runtime library.  

 __shared__  (optionally used together with __device__)  
•Resides in the shared memory space of a thread block,  

•Has the lifetime of the block,  

•Is only accessible from all the threads within the block.  

 



CUDA API Basics 

• Execution Configuration (EC) 
– Must be specified for any call to a __global__ 

function. 

– Defines the dimension of the grid and blocks 

– specified by inserting an expression between function 
name and argument list: 
 
function: 

  __global__ void Func(float* parameter);   

 must be called like this:  

  Func<<< Dg, Db, Ns >>>(parameter);   

 



CUDA API Basics 

• Execution Configuration (EC) 
Where Dg, Db, Ns  are : 

 

– Dg is of type dim3  dimension and size of the grid  

•Dg.x * Dg.y = number of blocks being launched;  

 

– Db is of type dim3  dimension and size of each block 

•Db.x * Db.y * Db.z = number of threads per block;  

 

– Ns is of type size_t  number of bytes in shared memory that is 
dynamically allocated in addition to the statically allocated memory 

•Ns is an optional argument which defaults to 0.  

 



CUDA API Basics 

• Built-in Variables 

 
–gridDim  is of type dim3 dimensions of the grid.  

 

–blockIdx  is of type uint3  block index within the 
grid. 

 

–blockDim  is of type dim3  dimensions of the block.  

 

–threadIdx   is of type uint3  thread index within 
the block.  

 



Kernels 

• C for CUDA extends C by allowing the programmer to define C functions, called 

kernels, that, when called, are executed N times in parallel by N different CUDA 

threads, as opposed to only once like regular C functions. 

• A kernel is defined using the __global__ declaration specifier and the number of 

CUDA threads for each call is specified using a new <<<…>>> syntax: 

 

 

 

 

 

 

• Each of the threads that execute a kernel is given a unique thread ID that is 

accessible within the kernel through the built-in threadIdx variable.  



Thread Hierarchy 

• For convenience, threadIdx is a 3-component vector, so that threads can be 

identified using a one-dimensional, two-dimensional, or three-dimensional thread 

index, forming a one-dimensional, two-dimensional, or three-dimensional thread 

block.  

• This provides a natural way to invoke computation across the elements in a domain 

such as a vector, matrix, or field. As an example, the following code adds two 

matrices A and B of size NxN and stores the result into matrix C: 

 

 

 

 

 

 

 

 

 



Threads Synchronization 

• Threads within a block can cooperate among themselves by sharing data 

through some shared memory and synchronizing their execution to 

coordinate memory accesses.  

– More precisely, one can specify synchronization points in the kernel by 

calling the __syncthreads() intrinsic function;  

– __syncthreads() acts as a barrier at which all threads in the block must 

wait before any is allowed to proceed.  

• For efficient cooperation, the shared memory is expected to be a low-

latency memory near each processor core, much like an L1 cache, 

__syncthreads() is expected to be lightweight, and all threads of a block 

are expected to reside on the same processor core.  

• The number of threads per block is therefore restricted by the limited 

memory resources of a processor core.  

– On current GPUs, a thread block may contain up to 1024 threads. 

 



Thread Batching: Grids and Blocks 

• A kernel is executed as a grid 
of thread blocks 

– All threads share data 
memory space 

• A thread block is a batch of 
threads that can cooperate 
with each other by: 

– Synchronizing their 
execution 

• For hazard-free shared 
memory accesses 

– Efficiently sharing data 
through a low latency 
shared memory 

• Two threads from two 
different blocks cannot 
cooperate 
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Grid 
• A kernel can be executed by multiple equally-shaped thread blocks, so that the total number of 

threads is equal to the number of threads per block times the number of blocks.  

• These multiple blocks are organized into a one-dimensional or two-dimensional grid of 

thread blocks.  

• The dimension of the grid is specified by the first parameter of the <<<…>>> syntax.  

• Each block within the grid can be identified by a one-dimensional or two-dimensional index 

accessible within the kernel through the built-in blockIdx variable.  

• The dimension of the thread block is accessible within the kernel through the built-in blockDim 

variable.  



Block and Thread IDs 

• Threads and blocks have IDs 

– So each thread can decide 
what data to work on 

– Block ID: 1D or 2D 

– Thread ID: 1D, 2D, or 3D  

• Simplifies memory 
addressing when processing 
multidimensional data 

– Image processing 

– Solving PDEs on volumes 

– … 
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Memory Hierarchy 

• CUDA threads may access data from multiple 

memory spaces during their execution.  

• Each thread has a private local memory.  

• Each thread block has a shared memory visible 

to all threads of the block and with the same 

lifetime as the block.  

• All threads have access to the same global 

memory. 

• There are also two additional read-only memory 

spaces accessible by all threads:  
– the constant and texture memory spaces.  

• The global, constant, and texture memory 

spaces are optimized for different memory 

usages.  
– Texture memory also offers different addressing modes, as 

well as data filtering, for some specific data formats. 

– The global, constant, and texture memory spaces are 

persistent across kernel launches by the same application. 



Host and Device 

• CUDA’s programming model assumes that 

the CUDA threads execute on a physically 

separate device that operates as a 

coprocessor to the host running the C 

program.  

– This is the case, for example, when the 

kernels execute on a GPU and the rest of the 

C program executes on a CPU. 

• CUDA’s programming model also assumes 

that both the host and the device maintain 

their own DRAM, referred to as host memory 

and device memory, respectively. 

• Therefore, a program manages the global, 

constant, and texture memory spaces 

visible to kernels through calls to the CUDA 

runtime.  

• This includes device memory allocation and 

deallocation, as well as data transfer 

between host and device memory. 



Programming Interface 

• Two interfaces are currently supported to write CUDA programs:  

– C for CUDA and the CUDA driver API.  

• They are mutually exclusive: A program must use either one or the other. 

• C for CUDA exposes the CUDA programming model as a minimal set of extensions to the C 

language.  

– Any source file that contains some of these extensions must be compiled with nvcc.  

– These extensions allow programmers to define a kernel as a C function and use some new 

syntax to specify the grid and block dimension each time the function is called. 

– C for CUDA comes with a runtime API . 

• The CUDA driver API is a lower-level C API that provides functions to load kernels as modules of 

CUDA binary or assembly code, to inspect their parameters, and to launch them.  

– Binary or assembly code are usually obtained by compiling kernels written in C. 

• Both the C for CUDA and the driver API provide functions to allocate and deallocate device 

memory, transfer data between host memory and device memory, manage systems with 

multiple devices, etc. 

• The runtime API is built on top of the CUDA driver API. Initialization, context, and module 

management are all implicit and resulting code is more concise.  

• C for CUDA also supports device emulation, which facilitates debugging. 

• In contrast, the CUDA driver API requires more code, is harder to program and debug, but offers a 

better level of control and is language-independent since it handles binary or assembly code. 



Compilation with NVCC 
• Kernels can be written using CUDA’s instruction set architecture, called PTX.  

• It is however usually more effective to use a high-level programming language such 

as C.  

• In both cases, kernels must be compiled into binary code by nvcc. 

• nvcc is a compiler driver that simplifies the process of compiling C for CUDA code:  
– It provides simple and familiar command line options and executes them by invoking the collection of tools 

that implement the different compilation stages. 

• Source files can include a mix of host code (i.e. code that executes on the host) and 

device code (i.e. code that executes on the device).  

• nvcc’s basic workflow consists in separating device code from host code and 

compiling the device code into an assembly form (PTX code) or binary form (cubin 

object).  

• The generated host code is output either as C code that is left to be compiled using 

another tool or as object code directly by invoking the host compiler during the last 

compilation stage. 

• Applications can either ignore the generated host code (if any) and load and execute 

the PTX code or cubin object on the device using the CUDA driver API, or they can 

link to the generated host code, which includes the cubin object as a global initialized 

data array and contains a translation of the execution configuration syntax into the 

necessary C for CUDA runtime startup code to load and launch each compiled kernel. 



C for CUDA runtime 

• C for CUDA provides a simple path for users familiar with the C 

programming language to easily write programs for execution by the device. 

• It consists of a minimal set of extensions to the C language and a runtime 

library. 

• The runtime is implemented in the cudart dynamic library and all its entry 

points are prefixed with cuda. 

• There is no explicit initialization function for the runtime;  

– it initializes the first time a runtime function is called.  

– One needs to keep this in mind when timing runtime function calls and when interpreting the 

error code from the first call into the runtime. 

• On system with multiple devices, kernels are executed on device 0 by 

default 



On-chip memory 

• Each multiprocessor has on-chip memory of the four 

following types: 
– One set of local 32-bit registers per processor, 

– A parallel data cache or shared memory that is shared by all scalar processor 

cores and is where the shared memory space resides, 

– A read-only constant cache that is shared by all scalar processor cores and 

speeds up reads from the constant memory space, which is a read-only 

region of device memory, 

– A read-only texture cache that is shared by all scalar processor cores and 

speeds up reads from the texture memory space, which is a read-only region 

of device memory; each multiprocessor accesses the texture cache via a 

texture unit that implements the various addressing modes and data filtering. 

• The local and global memory spaces are read-write regions 

of device memory and are not cached. 

• The number of blocks a multiprocessor can process at once 

depends on how many registers per  thread and how much 

shared memory per block are required for a given kernel 

since the multiprocessor’s registers and shared memory are 

split among all the threads of the active blocks.  
– If there are not enough registers or shared memory available per 

multiprocessor to process at least one block, the kernel will fail to launch.  

– If a non-atomic instruction executed by a warp writes to the same location in 

global or shared memory for more than one of the threads of the warp, the 

number of serialized writes that occur to that location and the order in which 

they occur is undefined, but one of the writes is guaranteed to succeed.  

– If an atomic instruction executed by a warp reads, modifies, and writes to the 

same location in global memory for more than one of the threads of the warp, 

each read, modify, write to that location occurs and they are all serialized, but 

the order in which they occur is undefined. 



Shared Memory  
• Is on-chip: 

– much faster than the global memory, 

– as fast as a register when no bank conflicts, 

– divided into equally-sized memory banks. 

• Successive 32-bit words are assigned to successive 

banks 

• Each bank has a bandwidth of 32 bits per clock cycle.  

 

Reminder: warp size is 32, number of banks is 16  

 

– memory request requires two cycles for a warp 

•One for the first half, one for the second half of the warp 

No conflicts between threads from first and second half 

 

 



Shared Memory  
Examples of Shared Memory Access Patterns 

without Bank Conflicts 



Shared Memory  
Examples of Shared Memory Access Patterns 

with Bank Conflicts 



GPUs are Optimized for Local Data 

Access 



Device Memory 

• CUDA’s programming model assumes a 

system composed of a host and a device, 

each with their own separate memory.  

• Kernels can only operate out of device 

memory, so the runtime provides functions 

to allocate, deallocate, and copy device 

memory, as well as transfer data between 

host memory and device memory. 

• Device memory can be allocated either as 

linear memory or as CUDA arrays. 

– CUDA arrays are opaque memory layouts 

optimized for texture fetching.  

– Linear memory exists on the device in a 32-bit 

address space, so separately allocated entities 

can reference one another via pointers, for 

example, in a binary tree. 

• Linear memory is typically allocated using 

cudaMalloc() and freed using cudaFree() 

and data transfer between host memory and 

device memory are typically done using 

cudaMemcpy().  



Linear memory 

• Linear memory can also be allocated 

through cudaMallocPitch() and 

cudaMalloc3D().  

• These functions are recommended for 

allocations of 2D or 3D arrays as it 

makes sure that the allocation is 

appropriately padded to meet the 

alignment requirements, therefore 

ensuring best performance when 

accessing the row addresses or 

performing copies between 2D arrays 

and other regions of device memory 

(using the cudaMemcpy2D() and 

cudaMemcpy3D() functions).  

• The returned pitch (or stride) must be 

used to access array elements. 



Example: Scalar Product 

• Calculate the scalar product of 

– 32 vector pairs 

– 4096 elements each 

• An efficient way to run that on the device 
is to organize the calculation in 

– A grid of 32 blocks 

– With 256 threads per block 

• This gives us 4096/256 = 16 slices per 
vector 

 

 



Example: Scalar Product 

• The data will be handed 
to the device as two data 
arrays and the results will 
be saved in a result array 
 
 
 

• Each product of a vector 
pair An, Bn will be 
calculated in slices, which 
will be added up to obtain 
the final result 

Vector A0 Vector A1 Vector AN-1 … 
Vector B0 Vector B1 Vector BN-1 … 

Results 0 to N-1 

Vector A0 

Vector B0 

Results 0 Results 1 

Partial results 0 to S-1 

slice 0 slice 1 slice S-1 … 



Example: Scalar Product 

The host programm 

 

int main(int argc, char *argv[]){  

 

  CUT_CHECK_DEVICE(); 

  é 

 

  h_A = (float *)malloc(DATA_SZ);  

  é 

 

  cudaMalloc((void **)&d_A, DATA_SZ);  

  é 

 

  cudaMemcpy(d_A, h_A, DATA_SZ, 
cudaMemcpyHostToDevice);  

  é 

  

  ProdGPU<<<BLOCK_N, THREAD_N>>>(d_C, d_A, d_B);  

  é 

 

  cudaMemcpy(h_C_GPU, d_C, RESULT_SZ, 
cudaMemcpyDeviceToHost);  

  é 

 

  CUDA_SAFE_CALL( cudaFree(d_A)   );  

  free(h_A);  

  é 

 

  CUT_EXIT(argc, argv);  

 

}  



Example: Scalar Product 

The Kernel Function 
 

• Parameters: 

– d_C: pointer to result array 

– d_A, d_B pointers to input 
data 

 

• Local data arrays: 

– t[]: results of single threads 

– r[]: slice cache 

 

• I: Thread Id in block 

__global__ void ProdGPU(float *d_C, float *d_A, float *d_B){  

    

  __shared__ float t[THREAD_N];    

  __shared__ float r[SLICE_N];  

  const int I = threadIdx.x;  

 

  for(int vec_n=blockIdx.x; vec_n<VECTOR_N; vec_n+=gridDim.x){  

 

    int base = ELEMENT_N * vec_n;  

 

    for(int slice = 0; slice < SLICE_N; slice++, base += THREAD_N){  

 

      t[I] = d_A[base + I] * d_B[base + I];  

      __syncthreads();  

 

      for(int stride = THREAD_N / 2; stride > 0; stride /= 2){       

 

        if(I < stride) t[I] += t[stride + I];  

          __syncthreads();     

 

      }  

 

      if(I == 0) r[slice] = t[0];  

 

    }  

 

    for(int stride = SLICE_N / 2; stride > 0; stride /= 2){  

  

      if(I < stride) r[I] += r[stride + I];  

      __syncthreads();  

   

    }  

 

    if(I == 0) d_C[vec_n] = r[0];  

 

  }  

}  



Example: Scalar Product 

The Kernel Function 
 

• Run through every pair of input 
vectors 

 

• For our numbers it will only be 
executed once since: 

  Grid dimension == number of vectors 

  

  vector number = block Id 

__global__ void ProdGPU(float *d_C, float *d_A, float *d_B){  

    

  __shared__ float t[THREAD_N];    

  __shared__ float r[SLICE_N];  

  const int I = threadIdx.x;  

 

  for(int vec_n=blockIdx.x; vec_n<VECTOR_N; vec_n+=gridDim.x){  

 

    int base = ELEMENT_N * vec_n;  

 

    for(int slice = 0; slice < SLICE_N; slice++, base += THREAD_N){  

 

      t[I] = d_A[base + I] * d_B[base + I];  

      __syncthreads();  

 

      for(int stride = THREAD_N / 2; stride > 0; stride /= 2){       

 

        if(I < stride) t[I] += t[stride + I];  

          __syncthreads();     

 

      }  

 

      if(I == 0) r[slice] = t[0];  

 

    }  

 

    for(int stride = SLICE_N / 2; stride > 0; stride /= 2){  

  

      if(I < stride) r[I] += r[stride + I];  

      __syncthreads();  

   

    }  

 

    if(I == 0) d_C[vec_n] = r[0];  

 

  }  

}  



Example: Scalar Product 

The Kernel Function 
 

• Run through every slice of 
input vectors 

 

• Each thread calculates a 
single product and saves it 

 

__global__ void ProdGPU(float *d_C, float *d_A, float *d_B){  

    

  __shared__ float t[THREAD_N];    

  __shared__ float r[SLICE_N];  

  const int I = threadIdx.x;  

 

  for(int vec_n=blockIdx.x; vec_n<VECTOR_N; vec_n+=gridDim.x){  

 

    int base = ELEMENT_N * vec_n;  

 

    for(int slice = 0; slice < SLICE_N; slice++, base += THREAD_N){  

 

      t[I] = d_A[base + I] * d_B[base + I];  

      __syncthreads();  

 

      for(int stride = THREAD_N / 2; stride > 0; stride /= 2){       

 

        if(I < stride) t[I] += t[stride + I];  

          __syncthreads();     

 

      }  

 

      if(I == 0) r[slice] = t[0];  

 

    }  

 

    for(int stride = SLICE_N / 2; stride > 0; stride /= 2){  

  

      if(I < stride) r[I] += r[stride + I];  

      __syncthreads();  

   

    }  

 

    if(I == 0) d_C[vec_n] = r[0];  

 

  }  

}  



Example: Scalar Product 

The Kernel Function 
 

• Calculate the partial result for 
the slice  

 

 

 

 

 

 

• Save the partial result 

 

 

 

 

 

__global__ void ProdGPU(float *d_C, float *d_A, float *d_B){  

    

  __shared__ float t[THREAD_N];    

  __shared__ float r[SLICE_N];  

  const int I = threadIdx.x;  

 

  for(int vec_n=blockIdx.x; vec_n<VECTOR_N; vec_n+=gridDim.x){  

 

    int base = ELEMENT_N * vec_n;  

 

    for(int slice = 0; slice < SLICE_N; slice++, base += THREAD_N){  

 

      t[I] = d_A[base + I] * d_B[base + I];  

      __syncthreads();  

 

      for(int stride = THREAD_N / 2; stride > 0; stride /= 2){       

 

        if(I < stride) t[I] += t[stride + I];  

          __syncthreads();     

 

      }  

 

      if(I == 0) r[slice] = t[0];  

 

    }  

 

    for(int stride = SLICE_N / 2; stride > 0; stride /= 2){  

  

      if(I < stride) r[I] += r[stride + I];  

      __syncthreads();  

   

    }  

 

    if(I == 0) d_C[vec_n] = r[0];  

 

  }  

}  

t[0]  += t[128]  

t[1]  += t[129]      t[0] += t[64]  

t[2]  += t[130]      t[1] += t[65]     é    t[0] += t[1] 

é       é 

é       t[64]+= t[127]  

t[127]+= t[255]  



Example: Scalar Product 

The Kernel Function 
 

• Add up the results for all slices 

 

• Save result to device memory 

 

__global__ void ProdGPU(float *d_C, float *d_A, float *d_B){  

    

  __shared__ float t[THREAD_N];    

  __shared__ float r[SLICE_N];  

  const int I = threadIdx.x;  

 

  for(int vec_n=blockIdx.x; vec_n<VECTOR_N; vec_n+=gridDim.x){  

 

    int base = ELEMENT_N * vec_n;  

 

    for(int slice = 0; slice < SLICE_N; slice++, base += THREAD_N){  

 

      t[I] = d_A[base + I] * d_B[base + I];  

      __syncthreads();  

 

      for(int stride = THREAD_N / 2; stride > 0; stride /= 2){       

 

        if(I < stride) t[I] += t[stride + I];  

          __syncthreads();     

 

      }  

 

      if(I == 0) r[slice] = t[0];  

 

    }  

 

    for(int stride = SLICE_N / 2; stride > 0; stride /= 2){  

  

      if(I < stride) r[I] += r[stride + I];  

      __syncthreads();  

   

    }  

 

    if(I == 0) d_C[vec_n] = r[0];  

 

  }  

}  



Coalescing 
• the device is capable of reading 4-byte, 8-byte, or 16-byte words from global memory into registers in a single 

instruction.  
• global memory bandwidth is used most efficiently when the simultaneous memory accesses by threads in a half-

warp (during the execution of a single read or write instruction) can be coalesced into a single memory transaction 
of 32, 64, or 128 bytes. 



Coalescing 
In Fermi based cards global memory accesses are handled per warp, they also exploit an 
L1 Data Cache of configurable size. 
Each memory transaction moves 128B of global memory 

2 x 128B transactions 

1 x 128B transactions 

128B 



Coalescing Examples 



Coalescing Examples 



Driver API 

• The driver API is a handle-based, imperative API:  

– Most objects are referenced by opaque handles that may be specified to functions to manipulate the objects. 

• The driver API is implemented in the nvcuda dynamic library and all its entry points are prefixed with cu. 

• The driver API must be initialized with cuInit() before any function from the driver API is called. A CUDA context must then 

be created that is attached to a specific device and made current to the calling host thread. 

• Within a CUDA context, kernels are explicitly loaded as PTX or binary objects by the host code.  

– Kernels written in C must therefore be compiled separately into PTX or binary objects. Kernels are launched using API entry points 
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P2012 SDK 

Content: 

• Gepop simulation platform 
 

• Debug and profiling tools 
 

• Compilers 
 

• Development headers and libraries (HAL) 
 

• STWorkbench IDE 

 

 

 



Gepop Simulation Platform: Overview 

P2012 Fabric 
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Gepop: Configurations 

ARM Fast Models 

• ARM Proprietary Simulation tool 
• Possible to boot Linux kernel 

 

• P2012 Linux device driver. 
 

• Code on host can either run in 
bare metal 

Posix based ISS 

• Useful for fast sw development 
 

• No Linux boot possible. 
 

• Host code running  at device driver 
abstraction level (it has to directly 
access HAL) 

xp70 ISSes 

• Same code as real hardware 
 

• Accurate but slow 
 

• Provides performance estimations 
for applications benchmarking 

Native threads 

• Fabric PEs emulated by native 
machine threads 

• Faster than xp70 ISSes 
• HALs emulation allows code 

portability 

HOST FABRIC 



Gepop: Usage 

--mc Activate multicluster Fabric 

--host: [arm, posix]  Select host configuration 

--fabric : [native, iss]  Select fabric configuratuin 

--trace: dma, hws, dev, all Activate code traces generation 

--stats: mem, core, dma Χ Activate performance statistics collection 
 

Gepop can be invocated using the p12run script whose most relevant 
parameters (functionalities) are: 

It can also run in fabric only mode with gepop - fabric  which takes slightly 
different parameters, such as: -- cluster[i]=[ iss,native ] , -- bin[i]= path_to_binary . 
 
Same parameters for tracing and performance statistics collection 



Gepop: Performance Measurements 

• Can only be activated if the fabric is executed in iss 
configuration 
 

• Possible measurements are: 
• Memory accesses: total number and estimated 

bandwidth 
• Per processor active and idle cycles count 
• DMA related statistics: number of transfers, transfer 

time etc. 
 

Of primary importance for applications benchmarking!!!  



• Gepop also allows the generation of execution traces, it is 
possible to use pre-defined traces or custom traces. 

• Pre-defined traces are generated for low-level events, such 
as: memory accesses, dma operations etc . 

• Custom traces format can be defined via xml files and then 
compiled in a set of C sources and headers to be embedded in 
an application. It is possible to trace C variables, strings, 
function calls etcΧ 

 

Gepop: Traces generation & visualization 

Custom traces are intrusive, they are based on code instrumentation,  
and can affect the performance of the traced application!!!  

Once executed, the traced application, will generate a binary file containing 
raw traces data which can be encoded and visualized using STWorkbench 



Gepop: Traces generation & visualization 

A time chart shows the 
evolution (in time) of your 

application 



Gepop: Traces generation & visualization 

With the tracing console is 
possible to control the entire 

application behaviour 
 e.g. functions invocation 



Gepop: Hardware Abstraction layer (HAL) 

• Defines a set of macros and functions, for both host and fabric sides, 
aimed at hiding tнлмнΩǎ specific hardware peculiarities 

• Implements a generic interface in order to provide code portability 
• e.g. software using P2012 HALs can run on both Gepop fabric 

configurations (xp70 ISS or native) 
• Same interface but different implementations 

• Is the base for all other software layers (e.g. P2012 Runtime) 

P2012_CORE(p2012_gethwpid()) Return core id 

P2012_CLUSTER(p2012_gethwpid()) Return cluster id 

P2012_GET_CONF_CC_PERIPH_CTRL_B
ASE(GET_MYCLUSTER()) 

Return Cluster control register base 

hal_write_pr_control_bank_pr_ctrl_boo
t_address_uint32(ctrl_reg, entry_point) 

Set processing elements entry point 



HAL: Hands on (1) 

#include < stdio.h > 

#include " p2012_memory_map.h "  

#include " p2012_pe_hal.h "  

#include " p2012_test_and_set_hal.h "  

#include " p2012_pr_control_ipgen_hal.h "  

 

#define  GET_MYCORE() P2012_CORE(p2012_gethwpid())  

#define  GET_MYCLUSTER() P2012_CLUSTER(p2012_gethwpid())  

 

// Mutex  variable  definition : exploits cluster memory aliasing  

// It  is  used  to protect   printfs  that  are not  thread  safe  

int  printfMutex  __attribute __(( section (".cluster"))) = 0 ;  

 

 

void  _start () ;  

 

...  

 

Include HAL 
headers 

tǊƻŎŜǎǎƻǊΩǎ ids 
handling MACROS 

Processing elements 
entry point 



HAL: Hands on (2) 
...  

/ / Cluster controller (PID 16) starts  execution  for first  

// It  has  to enable  fetch  of Clusterôs PEs 

if  ( GET_MYCORE() == 16 ) {  

 

  // Obtain  Cluster control register  base  

  uint32_t base = P2012_GET_CONF_CC_PERIPH_CTRL_BASE(GET_MYCLUSTER());  

   

  //Set boot  register  with entry point  address  

  hal_write_pr_control_bank_pr_ctrl_boot_address_uint32 (base ,    

(uint32_t ) _start );  

   

  //Reset all  Pes to ensure  a correct  boot  processor status  

  hal_write_pr_control_bank_pr_ctrl_soft_reset_uint32 (base ,     

0x0000FFFF );  

   

   

  // Enable  fetch  for all  Pes 

  hal_write_pr_control_bank_pr_ctrl_fetch_enable_uint32 (base , 

0x8000FFFF );  

}  

...  

Bitmask to select which processor is 
being affected by the function 

1 bit per PE 



HAL: Hands on (3) 

...  

while( test_and_set (& printfMutex ) != 0);  

  printf ("Hello from (%d, %d) \ n", GET_MYCLUSTER(), 

GET_MYCORE());  

  printfMutex  = 0 ;  

  return 0;  

}  

Lock printf mutex 
using Test&Set 

mechanism 



HAL: Hands on (4) 
gepop - fabric  \  

-- bin0 =./hello.exe -- cluster0= iss   

Hello from (0, 16) 
Hello from (0, 0) 
Hello from (0, 1) 
Hello from (0, 2) 
Hello from (0, 3) 
Hello from (0, 4) 
Hello from (0, 5) 
Hello from (0, 6) 
Hello from (0, 7) 
Hello from (0, 8) 
Hello from (0, 9) 
Hello from (0, 10) 
Hello from (0, 11) 
Hello from (0, 12) 
Hello from (0, 13) 
Hello from (0, 14) 
Hello from (0, 15) 

gepop - fabric  -- bin0 =./hello.exe \  

-- cluster0= iss  ïstats =icore  

 Core 0: 
 Total time:     121044 cycle(s) 
 Time in idle:   3.886190% 
 Nb cache line fetches:  135 (4320 bytes) 
 Time in cache line fetch:       27000 cycle(s) 

Hello from (0, 16) 
Hello from (0, 0) 
 
 
 
 
Hello from (0, 15) 



P2012 SW Stack Overview 



P2012 Runtime 

• A P2012 Fabric is always running a resident runtime 
– Simple and generic 

– Regardless of the programming model 

• Applications are dynamically loaded on top of it  

• Shared between Cluster Controller & EnCore processors 

Scheduler 

DMA Driver 

PE Start/Stop 

Resource Manager 

Comm. Driver 

Component 
Manager 

CC Side EnCore Side 



P2012 Runtime: Scheduler 

• Cluster controller executes a run-to-completion tasks scheduler 

• Tasks are hold in a FIFO queue in which only the CC (tasks 
themselves or an interrupt handler) can push jobs. 

• Each push operation actually raise an interrupt that push a task in 
the queue. 

• No race condition among different tasks: non-preemtible execution 

{ŎƘŜŘǳƭŜǊΩǎ tasks queue is shared between the entire 
cluster and allows the execution of different tasks no 

matter what is the programming model used 



P2012 Runtime: EnCore start/stop 
• This module provides a set of functions to control the execution of EnCore 

processors. 
 

• Applications are first executed by the cluster controller while EnCore 
processors are waiting for an entry point to start execution. 
 

• Cluster controller using the set of function provided by this module can 
deploy a function on each single processor of the cluster, which executes 
until completion. 

CC PE0 PE1 PE15 

start(*func,*data) 

start(*func,*data) Possible to specify a 
termination callback function 



P2012 Runtime: Resource Manager 
 
Based on a set of allocators manages all ŎƭǳǎǘŜǊΩǎ hw resources. 
 

 
Event allocator: 
 

• Used for fast communication (notifications) between cluster processors, 
including CC. 

• Each EnCore processor has 8 event lines; allocating one line will reserve it on 
each processor of the EnCore (often broadcasted). 

• CC events can be allocated separatley 
 

Atomic counter allocator 
 

• Hardware Synchronizer (HWS) provides 128 16-bit atomic counters 
 

Memory allocators 
 

• Allow the allocation on different levels of memory hierarchy 
• L3 Mem 
• Cluster Mem 
• CC Mem 

 



P2012 Runtime: Example 
static  void  * stacks [P2012_PE_COUNT];  

 

void  peEntry ( void  * ctx , void  * arg ) {  

  p12Printf("Hello from (%d,%d) \ n",                                                                                                                                

GET_MYCLUSTER(), GET_MYCORE());  

}  

 

void  entry () {  

  p12Printf(" Executing  entry on core (%d, 

%d)\ n", GET_MYCLUSTER(), GET_MYCORE());  

 

  int  i;  

  for (i=0; i<P2012_PE_COUNT; i++) {  

    stacks [i] = CC_enMalloc (STACK_SIZE);  

    CC_peStart ( stacks [i], STACK_SIZE, 

peEntry , NULL, NULL, NULL, NULL, NULL);  

  }  

}  

 

Task entry point address 
Pushed in Scheduler task 

queue 
(Scheduler) 

PEs Entry point 
Passed by CC to EnCore 

Processors 
(PE start/stop) 

Start all Pes 
Note:  

Stacks are allocated at 
runtime 

(PE start/stop) 

Allocate stack memory 
(Resource manager) 



P2012 Programming Models 

• NPM (Native Programming Model) 

– Native way of programming P2012 

– Applications and other programming models are 
based on top of it 

• OpenCL 

– Built on top of NPM 

– Based on release 1.1 

– No multi-cluster support (not yet!!!)  



NPM Overview 

• Targets both host (Comete APIs) and Fabric side and 
defines the way in which they communicate. 
 

• Able to handle multiple clusters 
 

• Based on MIND component programming framework 
 

• Provides two different execution engines 

– Reactive Task Manager (RTM) 

– Multi Threaded Engine (MTE) 

 

 



NPM applications at a glance 

• The basic element of an NPM application is a component. They run on a single 
cluster and cannot be shared. Each component is dinamically deployed and 
executed on a cluster by an host application 
 

• Components are divided in two main classes: communication and application 
components.  
 

• Communication components manage the interactions between application 
components and are provided, by NPM runtime, with two different 
implementations: inter-cluster and intra-cluster. (as today only one 
communication pattern) 
 

• Application components are made of two parts: 
– The first runs on the cluster controller and is responsible for resources 

allocation and components control 
– The second parts runs on the ENcore  and implements the function to be 

processed  

 



Reactive Task Manager 

• Allows the parallel execution of an application components on several 
Encore processing elements using two functions: 

 

Master 
thread 
(CC) 

FORK 

F1() F2() F3() 

JOIN 

Master 
thread 
(CC) 

DUP 

F() F() 

JOIN 

F() 

FORK-JOIN DUP-JOB 



Multi Threaded Engine 

 
The parallel execution of compoonents is allowed spawning single parallel threads. The only 
possible synchronization primitive is a barrier. 
 

Master Th1 Th2 Th3 

th_create() 

th_create() 

th_create() 



P2012 & OpenCL 
P2012 Architecture is really close to OpenCL conceptual Architecture (GPUs) 

Global Memory L3 External Memory 

OpenCL Conceptual Architecture P2012 Architecture 

Private 
Memory 

Local Memory 

DMA 

Local Memory 

DMA Constant Data Cache 

Proc 1 ProcM Proc1 Proc M 

Private 
Memory 

Private 
Memory 

Private 
Memory 

L1 256K shared 

DMA 

L1 256K shared 

DMA 

Proc 1 ProcM Proc1 Proc M 

Compute Unit 1 Compute Unit N Cluster 1 Cluster N 



P2012 & GPUs: Differences 

• P2012 Cores are mono-threaded while GPUs cores are higly 
multithreaded 

• In GPU programming memory latencies are hidden running a 
massive battery of threads . GPUs have negligible task scheduling 
overhead . 

• In P2012 memory latencies are hidden by DMA asynchronous copies 
because context switches are really expensive. 
 

• GPU cores execute in lock-step SIMT fashion 
• All threads in a warp execute the same instruction flow, diverging 

threads cause a significative performance loss. 
• P2012 /ƭǳǎǘŜǊΩǎ Pes can execute different instruction flows without 

affecting application performance 
 



P2012 & GPUs: Differences 

• P2012 Cores are mono-threaded while GPUs cores are higly 
multithreaded 

• In GPU programming memory latencies are hidden running a 
massive battery of threads . GPUs have negligible task scheduling 
overhead . 

• In P2012 memory latencies are hidden by DMA asynchronous copies 
because context switches are really expensive. 
 

• GPU cores execute in lock-step SIMT fashion 
• All threads in a warp execute the same instruction flow, diverging 

threads cause a significative performance loss. 
• P2012 /ƭǳǎǘŜǊΩǎ Pes can execute different instruction flows without 

affecting application performance 
 

...  

do_something ();  
 

if ( cond )  

    do_A();  

else  

    do_B();  
 

do_smthg_else ();  

...  

cond = true 

cond = false 

cond = true/false 

T
IM

E 
T

IM
E 

GPU 

P2012 



P2012 & OpenCL: Kernel level 
parallelism 

With P2012 it is possible to implement 
more complex OpenCL task graph (more 
complex than GPUs). Both task-level and 
data-level (ND-Range) are possible 

P2012 OpenCL runtime does not accept 
more than 16 work-items per work group 
when creating an ND-Range. 
This because having more work items than 
Pes would end in lots of context switches, 
which are really expensive in this 
architecture. 



P2012 & OpenCL: Memory mappings 

Global -> L3 External Memory 
Used to exchange data between host application and device kernels. 
OpenCL buffers are created in this region (both r/w or r) and allocated in 
L3 memory. 
 
Constant -> L1 Shared cluster memory 
Constatnt data in stored in L1 shared cluster memory as there is no 
constant cache in P2012 Memory Hierarchy 
 
Local -> L1 Shared cluster memory 
Data declared as local or kernel arguments (allocated by OpenCL runtime) 
 
Private -> L1 Shared cluster memory, L3 External Memory, t9Ωǎ registers 
In P2012 OpenCL private variables can be allocated in PE stack or 
registers. Depending on applications, PE stacks can be allocated both in L1 
Shared Memory or L3 External Memory 



P2012 & OpenCL: PEs Stack allocation 

• P2012 OpenCL compiler is able to dinamicallly  compute the kernel stack 
size thanks to: 

• No dynamic  arrays 
• No functions pointers 
• No recursion 

 
As default PE stacks are allocated in L1 Cluster Shared Memory 
 
In P2012 OpenCL programming it is possible to manually specify stack size  
and allocation place, specifying following attributes in kernel code. 
 
__attribute __(( stack_size ( < size > ) ))  

Specifies the stack size for the specific Kernel 
 
__attribute __(( stack_in_extmem  ))  

Force to allocate stack in L3 External Memory 
 

 



P2012 & OpenCL: Memory 
management extensions 

ST Microelectronics provided a set of extensions to OpenCL standard in order to better 
exploit  P2012 DMA capabilities. 
 
OpenCL standard provides collaborative DMA copies between Global and Local memory 
space 
  

Work items access contiguous 
memory regions, and a single 
DMA transfer can be 
programmed in order serve all 
work-items in a work group
  



P2012 & OpenCL: Memory 
management extensions (2) 

If work-items do not need to share data (they do not access contiguous memory), 
programmer should anyway program collaborative DMA copies forcing useless group 
synchronization and wasting Local memory. ST Microelectronics added the possibility 
to perform work-item liberal DMA copies. 



P2012 & OpenCL: Memory 
management extensions (2) 

Each work-item can program a dedicated DMA copy between the Global and the 
Private memory space without the need of intra work-group synchronization , using 
the following two functions: 
 
Perform per work-item asynchronous DMA copy 
 
async_work_item_copy  ( void  * src , void  * dst , size_t  num_elem, 

event_t  event  )  

 

Perform per work-item asynchronous DMA strided copy 
 

async_work_item_strided_copy ( void  * dst , void  * src,size_t  

num_elem,size_t  src_stride,event_t  event )  

 

 

 



P2012 & OpenCL: Overlap DMA 
transfers and computation 

The best way to hide memory transfer latencies when programming for P2012 is to 
overlap computation with DMA transfers. This technique is based on software 
pipelining and double buffering (which reduce the total amount of available local 
or private memory ). 

4 buffers are needed to 
implement such 

mechanism 



P2012 & OpenCL: Overlap DMA 
transfers and computation - example 

kernel  void  filter_kernel (global int  *in, global int  *out, 

int  image_size_x , int  image_size_y ){  

event_t  e_in , e_out ; local int  * my_data_in , * my_data_out ;  

// Pointer to the DMA blocks global  

int  * data_in  = in;  

global int  * data_out  = out;  

 

// Double input - output buffers  

local int  local_in  [2][L* image_size_x ]; local int  

local_out [2][L* image_size_x ];  

 

// Pointers for double buffer mechanism  

private int  * buffer_in_dma  = & local_in [0];  

private int  * buffer_in_compute ;  

private int  * buffer_out_compute  = & local_out [0];  

private int  * buffer_out_dma ;  

...  



P2012 & OpenCL: Overlap DMA transfers 
and computation ς example(2) 

...  

for( int  i=0;i<( image_size_y /L+2);i++) {  

buffer_in_compute  = buffer_in_dma ;  

buffer_in_dma  = switch_in_buffer ( buffer_in_dma ); 

buffer_out_dma  = buffer_out_compute ;  

buffer_out_compute  = switch_out_buffer ( buffer_out_compute );  

 

// Output copy if  (i>1) { 

e_out =async_work_item_copy ( data_out,buffer_out_dma,L *image_siz

e_x,0 );  

data_out +=L* image_size_x ;  

}  

 

// Input copy  

if  (i< image_size_y /L) { 

e_in =async_work_group_copy ( buffer_in_dma,data_in,L *image_size_

x,0); data_in +=L* image_size_x ;  

}  

...  

Copy-back last computed block 

Copy-in next input block 

Double buffering exchange mechanism 



P2012 & OpenCL: Overlap DMA transfers 
and computation ς example(3) 

// Perform work - item personal data processing (L native data 

blocks)  

if (( i >0)&&( i <( image_size_y /L+1))) {  

my_local_data_in  = buffer_in_compute  + M* get_local_id (0); 

my_local_data_out  = buffer_out_compute  + M* get_local_id (0 ); 

for(j=0;j< L;j ++) {  

compute_native_data ( my_local_data_in , my_local_data_out ); 

my_local_data_in +=image_size_x ;  

my_local_data_out +=image_size_x ;  

}  

barrier(CLK_LOCAL_MEM_FENCE );  

}  

 

// Synchronization of DMA transfers if ( i <image_size_y /L) { 

wait_group_events (1,&e_in); } if ( i >1) { 

wait_group_events (1,&e_out); }  

} }  

Perform work-item 
computation 

Wait for previously  
programmed transfers to finish 



P2012 & OpenCL: Build Process 
The entire P2012 OpenCL framework is based on CLAM (CL Above Multicores) 
which provides host and device libraries and a compiler.  
 
The build process is composed by two phases: 
 
1. Source-to-source compilation: OpenCL-C kernels are tranformed in stardard  

C code 
2. A Back-end compiler generates the binary depending on the target 

architecture. Given that as  today it is only possible to run those binaries 
using Gepop, the back-end compiler is in charge of generating x86 or xp70 
binaries 
 

CLAM framework allows both ahead and dynamic kernels compilation. The latter 
is based on an external workstation (the host itself or a remote machine) to 
which the kernel is sent during the runtime. The binary  is then sent back to the 
OpenCL host and can be deployed on the device 

 


