
 

 

MODULE-2 

GPU programming, Programming hybrid systems, MIMD systems, GPUs, 
Performance —Speedup and efficiency in MIMD systems, Amdahl’s law, Scalability in MIMD systems, Taking timings of MIMD programs, GPU performance. 
 

2.1 GPU Programming 

2.1 GPU Programming 

GPU programming involves writing code for both the CPU host and the GPU device. Unlike general-purpose CPUs, GPUs are not standalone processors—they typically 
don’t run an operating system or provide services like direct access to secondary 
storage. Hence, the host CPU manages the allocation and initialization of memory on both itself and the GPU, launches the GPU kernel, and collects the resulting output. This style of programming is called heterogeneous programming because it involves two 
types of processors working together. Each GPU processor can run hundreds to thousands of threads, and they share a large 
block of memory. Additionally, every GPU processor has a smaller, faster memory 
block, accessible only to its own threads—serving as a programmer-managed cache. Threads are organized into groups, where threads within a group follow the SIMD 
model. Threads across groups can run independently, but within a group, no thread 
can proceed to the next instruction until all threads complete the current one. This impacts performance especially when branching occurs within a SIMD group. Here is an example snippet from GPU thread execution: // Thread private variables 

int rank_in_gp, my_x; 
... 
if (rank_in_gp < 16) 

    my_x += 1; 
else 

    my_x -= 1; 
 In this example, threads with rank_in_gp < 16 will execute the my_x += 1 instruction, while the rest are idle. Then, threads with rank_in_gp ≥ 16 execute my_x -= 1, while the others idle. This two-phase execution causes resource underutilization, and it's up to the programmer to minimize such branching for efficiency. Another distinct feature of GPUs is their hardware-based thread scheduler. Unlike CPUs that use software to schedule tasks, the GPU scheduler incurs very low 
overhead. It executes a SIMD group only when all its threads are ready, thus requiring careful data preparation, such as registering rank_in_gp in advance. To optimize throughput, programmers often create multiple SIMD groups. When one group is waiting for memory or dependent operations, another group can be 
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scheduled immediately, which helps to hide memory latency and maximize GPU 
utilization. 
2.1.2 Programming Hybrid Systems In modern parallel computing, it is possible to program hybrid systems, such as clusters 
of multicore processors, by using a combination of APIs. Typically, a shared-memory 
API (such as OpenMP) is used within each node, while a distributed-memory API (like MPI) is used for communication between nodes. This approach allows the system to 
exploit both shared and distributed memory architectures simultaneously. However, this hybrid programming model is generally adopted only in cases where the 
highest possible performance is required. The reason is that using two different APIs in the same program significantly increases development complexity. The programmer must manage both intra-node synchronization and inter-node message passing, which makes the software harder to design, debug, and maintain. As a result, many such systems are programmed using only a single distributed-
memory API, like MPI, to handle both inter-node and intra-node communication. While this may not be the most efficient approach in terms of raw performance, it offers 
simplicity and portability, which are often more valuable in practical application development. 
 

2.2 Input and Output When it comes to parallel computing, input and output (I/O) present unique challenges. In most basic programs, I/O operations are minimal and handled using standard C I/O functions such as printf, fprintf, scanf, and fscanf. However, when these functions are used in parallel programs, issues can arise due to their sequential nature and lack of built-in support for concurrent access. 
 

2.2.1 MIMD systems In MIMD systems, each process may attempt to access stdin, stdout, or stderr. Since these standard streams were designed for serial usage, when multiple processes or 
threads try to read from or write to them, the behavior becomes nondeterministic. For example, output might appear in a different order each time the program is executed, or worse, the output from one process might interleave with the output from another. In practical parallel systems, it is common for only one process (usually process 0) to read input via scanf, and typically only that process will access stdin. All processes may be allowed to write to stdout, but this often leads to interleaved or jumbled output, especially during debugging. To ensure clarity and correctness, the following guidelines are often followed in I/O handling: 

• In distributed-memory programs, only process 0 accesses stdin. 
• In shared-memory programs, thread 0 or the master thread reads from stdin. 
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• All processes or threads can write to stdout and stderr, but usually only one is designated to do so, to preserve output order. 
• Each process or thread should use a private file for reading or writing to avoid file conflicts. 
• Debugging output should always include the process or thread ID to identify the source. For example: 

printf("Process %d: value = %d\n", rank, value); This helps identify which process produced the output. 
 

2.2.2 GPUs and I/O In GPU programming, I/O is typically performed by the host CPU code. The GPU device itself does not have access to operating system services, so it cannot interact directly with secondary storage, stdin, or stderr. Thus, in GPU programs: 
• All I/O operations (input, output, file access) are handled by the host. 
• Only one process/thread runs on the host, so standard C I/O behaves as 

expected. 
• During GPU kernel debugging, threads may write to stdout, but the output will again be nondeterministic. 
• GPU threads do not have access to stderr, stdin, or files. This I/O design in GPU systems ensures that data is loaded and output by the host and not the device itself. During debugging, you can enable selective printf statements inside the kernel, but the output should not be relied upon for sequence or consistency across runs. 

 

2.3 Performance The main motivation for writing parallel programs is to achieve better performance. To evaluate this, we examine speedup and efficiency, especially in homogeneous MIMD 
systems, where all cores share the same architecture. 
 

2.3.1 Speedup and Efficiency in MIMD Systems In the ideal case, a program using p cores would run p times faster than its serial counterpart, assuming perfect workload division and no additional overhead. 
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 Let: 
• T_serial = Time taken by the serial program 

• T_parallel = Time taken by the parallel version Then: 
Speedup: 

 

Efficiency: 

 This gives the average utilization of each core. Efficiency decreases as parallel 
overhead increases with more threads or processes. 
 

Calculating Efficiency Suppose T_serial = 24 ms, T_parallel = 4 ms, and p = 8: 
  Each core works for 3 ms on actual problem solving and 1 ms is spent in overhead. 

 Common overheads include: 
• In shared-memory systems: mutexes used in critical sections slow down execution. 
• In distributed-memory systems: communication delays across the network reduce performance. Thus, as p increases: 
• Speedup increases sub-linearly 

• Efficiency decreases 
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Problem Size and Its Impact Speedup and efficiency also depend on problem size. If the problem is: 
• Smaller → less work per core → higher overhead proportion 

• Larger → more work per core → better efficiency 

Reference: Table 2.5 

 

Figure 2.18 shows the speedup curve. 

 

Figure 2.19 shows the efficiency trend. 

 As seen in both figures, increasing problem size improves both speedup and efficiency, because T_serial grows faster than overhead Toverhead. 
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