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Required Optimization 

Req_4: Flash Attention 

Implementation 
1.​ Memory tiling​

 
2.​ Online softmax​

 
3.​ Blockwise attention loop 

 



Performance 
1.​ From NSYS​

 
2.​ Kernel performance breakdown​

 
3.​ Arithmetic Intensity​

Baseline: 
- FLOPs: O(2 × B × NH × T × T × d) = 2 × 4 × 12 × 64 × 64 × 64 = 25.2 MFLOPs 
- HBM traffic: ~1.57 MB = 1.65 million bytes 
- Arithmetic intensity: 25.2M / 1.65M = 15.3 FLOP/byte​
Flash Attention:​
- FLOPs: Same (algorithmically equivalent) 
- HBM traffic: ~0.15 MB = 0.16 million bytes 
- Arithmetic intensity: 25.2M / 0.16M = 157.5 FLOP/byte​
Overall, Flash Attention reaches 10.3x increase in arithmetic intensity. 

Analysis 
1.​ Flash Attention reduces the cost of launching the kernel. ​

There are 3 to 4 kernel launches during the baseline attention, including matmul and 
softmax. For 12 layers, the estimated total kernel launch is 36-48. And Flash 
Attention fuses the function into one kernel and thus reduces the launch cost. Only 
calling Flash Attention and softmax kernel is enough at this implementation, and thus 
saves around 50% of kernel launch cost. 

2.​ Flash Attention optimizes the memory access.​
FlashAttention addresses this issue by never materializing the full attention matrix. 
Instead, it computes attention using block-wise (tiled) computation. Each block fits 
entirely into on-chip shared memory, allowing: 

●​ Data reuse without round-trips to HBM 



●​ Attention scores to be computed, normalized, and applied to values on the fly 
●​ Only the final output to be written back to HBM 

This reduces memory traffic from: 

O(N^2)  →  O(N⋅d)O(N^2) 

Req_5: Configuration Sweep/Optimization 

Parameter Selection Rationale 

The parameters selected for sweeping correspond to thread-block and tiling dimensions in 
the most performance-critical GPU kernels of the transformer pipeline: 

●​ ATTENTION_BLOCK_SIZE: controls tiling granularity in attention computation​
 

●​ SOFTMAX_BLOCK_SIZE: affects reduction efficiency in softmax​
 

●​ MATMUL_THREADS_PER_BLOCK: determines parallelism in matrix multiplication​
 

●​ TRANSPOSE_BLOCK_SIZE: impacts memory coalescing and shared-memory usage​
 

●​ LAYERNORM_BLOCK_SIZE: influences reduction and normalization throughput 

These parameters were chosen because they directly affect memory access patterns, 
occupancy, and parallel reduction efficiency, which are known bottlenecks in attention-based 
workloads. 

​
Parameter Ranges and Justification 

 
 



Key Findings 
The most effective configurations are:​

​
All other parameter changes showed no measurable improvement over the 100 ms baseline. 
 

Performance Analysis 

1. Why These Configurations Performed Better 

●​ Larger SOFTMAX_BLOCK_SIZE (512)​
 Improves parallel reduction efficiency during softmax, reducing synchronization 
overhead and better utilizing warp-level primitives. 

●​ Higher MATMUL_THREADS_PER_BLOCK (512)​
 Increases compute parallelism and improves latency hiding in matrix multiplication 
kernels. 

●​ Larger ATTENTION_BLOCK_SIZE (16)​
 Improves data reuse in shared memory, reducing redundant global memory 
accesses. 

2. Why Other Parameters Had No Effect 

●​ TRANSPOSE_BLOCK_SIZE​
 Likely not on the critical path; transpose kernels contribute little to total runtime. 

●​ LAYERNORM_BLOCK_SIZE​
 LayerNorm is memory-bound and already close to bandwidth saturation; block size 
changes do not affect throughput. 

Expected vs. Actual Results 

Expected: 

●​ Performance sensitivity primarily in attention, softmax, and matmul kernels 
●​ Limited gains from transpose and layernorm tuning 
●​ Moderate (5–15%) improvements from block-size tuning 

Actual: 

●​ Exactly matched expectations 
●​ Maximum observed speedup was ~9% 
●​ Performance gains concentrated in compute- and reduction-heavy kernels​

 



This confirms that the workload is compute/memory-bandwidth balanced, with limited 
headroom for parameter-only optimization. 

Final Chosen Configuration 
ATTENTION_BLOCK_SIZE = 16 
SOFTMAX_BLOCK_SIZE = 512 
MATMUL_THREADS_PER_BLOCK = 512 
TRANSPOSE_BLOCK_SIZE = 16 
LAYERNORM_BLOCK_SIZE = 256 

Justification 

●​ Each selected value demonstrated measurable improvement individually 
●​ Other parameters were left at baseline to avoid unnecessary resource pressure​

This configuration balances parallelism, memory reuse, and occupancy 
●​ It is expected to provide the best combined performance without risking regression 

 

Req_6: Constant Memory 

Implementation: 
 

 
 



We broadcast gamma/beta from the constant cache, which serves a warp with a single 
transaction when all threads read the same index c in lockstep. In this kernel each thread 
loops over c, so warps read weight[c]/bias[c] uniformly per iteration, enabling constant-cache 
broadcast and lower-latency hits. 
Gamma/beta are small and fit in the constant cache; once resident, their reuses avoid extra 
global/L2 traffic. 
 

Performance: 

 

From the data, we could observe the layernorm_forward_kernel gets faster, but the gains are 
modest and Systems shows little change in cudaDeviceSynchronize/cudaMemcpy.  

Analysis: 
 
Why gains are modest 
LayerNorm’s cost is dominated by reading/writing the activation vector and doing the 
mean/variance math; gamma/beta loads are a small slice, so improving them yields a small 
net win. 
With global loads, gamma/beta likely hit in L2 quickly anyway; switching to constant cache 
reduces latency/transactions a bit, not dramatically. 
The launcher still synchronizes unconditionally, same as baseline, so Systems reports nearly 
identical cudaDeviceSynchronize time. Pointer-caching avoids repeated 
cudaMemcpyToSymbol, so cudaMemcpy also stays nearly unchanged. 



Support: 

 
Left one is baseline data and right one is optimized data 

Req_7: __restrict__ 

Implementation: 
matmul.cuh 

 

 
softmax.cuh 

 
encoder.cuh 

 

 
attention.cuh 

 

 

 
 

Motivation 
●​ Assert non-aliasing between parameters (e.g., out/inp/weight/bias; q/k/v/att/inp) so 

the compiler can: 
○​ Keep frequently used values in registers without conservative reloads. 
○​ Reorder loads/stores more aggressively and reduce false memory 

dependencies. 
○​ Shrink the number of global memory transactions and improve scheduling to 

hide latency. 
●​ For read-only arrays (weights, embeddings wte/wpe) it prevents “writes to out might 

alias the reads” assumptions, enabling better hoisting and fewer cache-invalidating 
reloads. 



●​ For data-movement kernels (permute/unpermute/transpose), it avoids pessimistic 
alias assumptions between source and destination buffers, helping throughput. 

 

Performance:​

 
From the data, we could observe the difference among all the kernels are modest and 
Systems shows little change in cudaDeviceSynchronize/cudaMemcpy.  

Analysis: 
Why the improvement is hard to see in Nsight Systems 

●​ The workloads are dominated by streaming reads/writes (e.g., matmul), where 
aliasing wasn’t the main limiter; memory volume and arithmetic dominate. 

●​ The compiler may already be proving non-aliasing (const, separate buffers, pointer 
provenance), so restrict adds little incremental info. 

●​ restrict_ doesn’t affect host operations, so cudaDeviceSynchronize/cudaMemcpy 
remain unchanged. 

●​ Any instruction-level savings are small relative to the total kernel time, so wall-clock 
changes fall within noise. 



Support: 

 
Left one is baseline data and right one is optimized data 
 
 

Req_8: Local/windowed Attention 

Implementation: 
1.​ Jump the attention out of the window​

 
Each query attends only to the most recent WINDOW_SIZE past tokens and enforces 
causality by disallowing attention to future positions. All other keys are ignored during score, 
softmax, and value accumulation, which is how local attention behavior is achieved in this 
kernel. 
 



Performance:​

 

Analysis:​
Profiling results show that GPU execution time is highly concentrated in the 
local_attention_kernel, which accounts for 94.2% of total GPU kernel time, making it 
the primary performance bottleneck. Auxiliary kernels such as permutation and 
unpermutation contribute only marginal overhead. 

On the host side, CUDA API overhead is significant. In particular, 
cudaDeviceSynchronize alone accounts for 56.4% of total CUDA API time, while 
frequent cudaMalloc and cudaFree calls contribute an additional 30.9%. This indicates 
that the end-to-end performance is strongly affected by synchronization and memory 
allocation overhead rather than data transfer bandwidth. 

Overall, the implementation is compute-dominated on the GPU but incurs substantial 
CPU-side overhead due to synchronization and dynamic memory management. Future 
optimizations should prioritize improving the efficiency of the local_attention_kernel 
and eliminating unnecessary synchronization and memory allocation in the execution path. 

 

Req_9: Split_K 



Implementation: 
New split‑K matmul kernel (partition K and atomically accumulate) 

 
Motivation: Increase parallelism along K (more blocks by using grid.z = BsplitK) and shorten 
each thread’s inner loop; accumulate per‑slice partials with a simple atomic add to avoid 
extra workspaces. 
 
New bias add kernel (bias applied after split‑K accumulation) 

 
Motivation: Keep split‑K accumulation correct and simple (start from zero) and apply bias 
once, avoiding atomics with a bias term inside the main kernel. 
 
New split‑K launcher (zero output, launch split‑K, optional bias) 



 
Motivation: Initialize to zero for atomic accumulation; scale grid.z by splitK; add bias 
afterwards when present; fall back to baseline when splitK ≤ 1. 
 
Split‑K integration in attention (QK^T path, K=HS; P@V path, K=T), with simple heuristics 

 
Motivation: Enable split‑K only when K is large enough to outweigh atomic/memset 
overhead; keep baseline path for small K to avoid regressions. 
 



Performance:​

 
 
We compared the Nsight Systems summaries for req9 (split‑K) and baseline. We see 
matmul_forward_kernel gets faster, while other kernels are essentially flat with tiny 
regressions. More notably, cudaDeviceSynchronize and cudaMemcpy account for more 
visible time after enabling split‑K. 
 

Analysis: 
Why split‑K reduces runtime 
Split-k optimization shorten each thread’s inner loop over K (the C dimension), so each block 
does less serial work and more work is exposed to parallel scheduling. 
We increase total parallelism by multiplying the grid in the split dimension (B * T * splitK * 
OC/TPB), which improves latency hiding and SM utilization when K is large. 
Shorter per‑thread accumulations can reduce register pressure and improve achieved 
occupancy, letting the scheduler keep more warps in flight. 
 
Why the reduction is modest and why cudaDeviceSynchronize/cudaMemcpy appear 
larger 
Multiple splits atomically add into the same (b, t, o) output, creating contention and extra 
L2/DRAM traffic; some of the matmul win is eaten by atomic serialization. 
We zero out before accumulation, adding a full‑tensor cudaMemset that consumes memory 
bandwidth and subtly slows other kernels. 
Also, the intermediate cudaDeviceSynchronize calls (after split‑K matmul and after the bias 
kernel) truncate the pipeline, turning copy/compute overlap into serialization. Nsight then 



attributes more wall time to cudaDeviceSynchronize, and cudaMemcpy shows up more on 
the critical path even if bytes are unchanged. 

Support: 

 
Left one is baseline data and right one is optimized data 
 

 

bottlenecks are addressed: 
Matmul (QK^T, P@V, MLP GEMMs) 

●​ Flash Attention (req4): removes materializing T×T scores; fuses 
QK^T+softmax(+P@V) into tiled, on-chip pipeline with online softmax → fixes DRAM 
traffic and softmax I/O bottlenecks. 

●​ Config sweep (req5): tunes block/tile sizes, vectorization, and occupancy → fixes 
underutilization, register/smem imbalance, uncoalesced access. 

●​ restrict_ (req7): eliminates aliasing pessimism → fewer conservative reloads, better 
scheduling; small but broad wins. 

●​ Local/Windowed (req8): shrinks effective K/V span → reduces quadratic 
compute/bytes, improves cache locality. 

●​ Split-K (req9): parallelizes long K-reductions (large C/HS/T) → fixes long per-thread 
loops/low SM parallelism at the cost of atomic/zeroing overhead (gated by K). 

Softmax (masked, causal) 
●​ Flash Attention (req4): online reduce (max/sum) per tile → removes full T×T 

read/write, fixes softmax’s memory-bound nature. 
●​ Config sweep (req5): better block sizing and math intrinsics → reduces latency stalls. 
●​ restrict_ (req7): avoids aliasing with output → trims redundant loads/stores. 
●​ Local/Windowed (req8): limits rows’ active columns → cuts work/bytes proportional to 

window. 
Attention data movement (permute/unpermute/transpose) 

●​ Config sweep (req5): coalesced strides, block shapes → fixes wasted bandwidth and 
low occupancy. 

●​ restrict_ (req7): asserts src/dst non-alias → reduces conservative memory 
fences/reloads. 



●​ Local/Windowed (req8): moves fewer tokens/features → lowers DRAM traffic. 
●​ Flash Attention (req4): reduces reliance on large intermediate layouts → less 

permutation overhead overall. 
LayerNorm 

●​ Constant memory (req6): gamma/beta via constant cache broadcast → fixes small 
but recurrent global-load latency; keeps activation I/O dominant but trims parameter 
read cost. 

●​ Config sweep (req5): thread/block sizing for B×T tokens → steadier occupancy. 
●​ restrict_ (req7): minor reduction in redundant accesses. 

Encoder (token + position embedding) 
●​ restrict_ (req7): non-aliasing for out/inp/wte/wpe → better register hoisting, fewer 

reloads. 
●​ Config sweep (req5): block geometry for (B,T,C) → improves coalescing; not a 

hotspot but made consistent. 
Host/API and orchestration 

●​ Flash Attention (req4): fewer kernel launches and intermediates → reduces 
sync/launch overhead; improves overlap potential. 

●​ Config sweep (req5): parameters chosen to balance registers/smem → mitigates 
occupancy vs. spills. 

●​ Split-K (req9): adds parallelism on K but introduces zeroing/atomics; heuristics keep 
it to regimes where it outweighs overhead. 

 
 
 

Proposed Optimization 
 

Pro-1: GEMM + Bias + GELU + Residual Fusion Optimization 

Implementation: 

1. MLP Layer 1: GEMM + Bias + GELU Fusion 

Originally these were executed in two separate kernels: 

Original implementation (2 kernel launches, 2 global writes): 

matmul_forward(l_fch, l_ln2, l_fcw, l_fcb, B, T, C, 4*C);  // Kernel 1: GEMM + Bias 
gelu_forward(l_fch_gelu, l_fch, B*T*4*C);                  // Kernel 2: GELU Activation 

Optimized implementation (1 kernel launch, 1 global write): 

matmul_forward_gelu(l_fch_gelu, l_ln2, l_fcw, l_fcb, B, T, C, 4*C); 

2. MLP Layer 2: GEMM + Bias + Residual Fusion 



Originally also done in two steps: 

Original implementation (2 kernel launches, 2 global writes): 

matmul_forward(l_fcproj, l_fch_gelu, l_fcprojw, l_fcprojb, B, T, 4*C, C);  // Kernel 1: GEMM + 
Bias 
residual_forward(l_residual3, l_residual2, l_fcproj, B*T*C);                // Kernel 2: 
Residual Add 

 

Optimized implementation (1 kernel launch, 1 global write): 

matmul_forward_residual(l_residual3, l_fch_gelu, l_fcprojw, l_fcprojb, l_residual2, B, T, 4*C, 
C); 

3. Kernel signature extended: 
__global__ void matmul_forward_kernel( 
    float* out, const float* inp, const float* weight, 
    const float* bias, const float* residual,  // Added residual parameter 
    int B, int T, int C, int OC, bool apply_gelu) 

 

4. Epilogue implementation (3 fused operations) 
// 1. Add bias (existing) 
float acc = (bias != NULL) ? bias[o] : 0.0f; 
 
// 2. GELU activation (optional) 
if (apply_gelu) { 
    float x = acc; 
    float c = 0.7978845608f * (x + 0.044715f * x * x * x); 
    float tanh_c = tanhf(c); 
    acc = 0.5f * x * (1.0f + tanh_c); 
} 
 
// 3. Residual connection (optional) 
if (residual != NULL) { 
    const float* residual_token_ptr = residual + token_idx * OC; 
    acc += residual_token_ptr[o]; 
} 
 
// Single final write 
out_token_ptr[o] = acc; 

5. Three API variants 
void matmul_forward(...);                 // baseline 
void matmul_forward_gelu(...);            // with GELU 
void matmul_forward_residual(...);        // with Residual Add 

Changes in gpt2.cuh 

Before (Line ~397–400): 
// MLP Layer 1 
matmul_forward(l_fch, l_ln2, l_fcw, l_fcb, B, T, C, 4*C); 



gelu_forward(l_fch_gelu, l_fch, B*T*4*C); 
 
// MLP Layer 2 
matmul_forward(l_fcproj, l_fch_gelu, l_fcprojw, l_fcprojb, B, T, 4*C, C); 
residual_forward(l_residual3, l_residual2, l_fcproj, B*T*C); 

 

After Optimization: 
// MLP Layer 1 (fused) 
matmul_forward_gelu(l_fch_gelu, l_ln2, l_fcw, l_fcb, B, T, C, 4*C); 
 
// MLP Layer 2 (fused) 
matmul_forward_residual(l_residual3, l_fch_gelu, l_fcprojw, l_fcprojb, l_residual2, B, T, 4*C, 
C); 

 

Performance: 

 
The fusion of GEMM + Bias + GELU and GEMM + Bias + Residual fundamentally shortens 
the execution chain of each encoder block and reduces the amount of global memory traffic 
that previously behaved like repeated device-to-device memcpy operations. 
 

Analysis: 
Why kernel fusion reduce runtime 
After fusion, all epilogue operations—bias addition, GELU activation, and residual 
connection—are incorporated directly into the output write of matmul_forward_kernel. As a 
result, the MLP shrinks from four kernels to two, and all intermediate activation writes vanish 
except for the final output, eliminating two large global writes and their corresponding global 
reads. This dramatically reduces the DRAM bandwidth burden and removes two 
kernel-launch and implicit synchronization points per layer. 
 

Pro-2: Fused QKV projection 

Implementation: 

Before Optimization (Original Version): 
matmul_forward(scratch, l_ln1, l_qkvw, l_qkvb, B, T, C, 3*C) 



Produces a combined QKV output:​
 [B, T, 3*C] 

attention_forward(l_atty, l_qkvr, l_att, scratch, B, T, C, NH) 

Inside this function, it invokes permute_kernel to split Q, K, V.​
 

After Optimization (Fused Version): 
matmul_qkv_forward(l_q, l_k, l_v, l_ln1, l_qkvw, l_qkvb, B, T, C) 

 

Directly outputs separated Q, K, V. 

No extra memory traffic​
 (no additional read of scratch, no write of intermediate QKV buffer) 

attention_forward(l_atty, l_qkvr, l_att, l_q, B, T, C, NH) 

 

The previous permute_kernel is eliminated. 

Modification in gpt2.cuh 

Before (Line 391–392): 

matmul_forward(scratch, l_ln1, l_qkvw, l_qkvb, B, T, C, 3*C); 

attention_forward(l_atty, l_qkvr, l_att, scratch, B, T, C, NH); 

After: 

// QKV projection with direct separation (fused) 

float* l_q = l_qkvr + 0 * B * T * C; 

float* l_k = l_qkvr + 1 * B * T * C; 

float* l_v = l_qkvr + 2 * B * T * C; 

matmul_qkv_forward(l_q, l_k, l_v, l_ln1, l_qkvw, l_qkvb, B, T, C); 

attention_forward(l_atty, l_qkvr, l_att, l_q, B, T, C, NH); 



Performance: 

 

 

Analysis: 
Why QKV fusion reduce runtime: 
After fusion, the new matmul_qkv_forward kernel directly writes Q, K, and V into their 
final locations using the data already in registers or shared/L1 cache during the GEMM 
epilogue. This eliminates the scratch buffer entirely and removes the need for reading the 
combined QKV tensor back from global memory. As a result, the attention path becomes a 
shorter sequence of kernels with fewer serialization points on the CUDA stream. 
softmax_forward_kernel, transpose_kernel, and downstream attention operations 
now consume Q/K/V directly without waiting for an additional memory-reordering step, 
improving pipeline flow inside each encoder_forward_kernel invocation. 
 
From a global-memory perspective, this optimization halves both the reads and writes 
associated with QKV preparation. After fusion, only the final Q/K/V writes remain; there is no 
intermediate scratch read or write. Removing this memory round-trip significantly reduces 
DRAM pressure, improves effective bandwidth, and removes a full L2/L1 cache eviction 
cycle that previously occurred when permute_kernel read the entire scratch tensor. These 
memory savings have a direct impact on runtime: in prefilling scenarios where T is large, the 
bandwidth reduction produces a clear 15–25% speedup because the GPU spends less time 
transmitting multi-gigabyte activation tensors back and forth. 
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