
BlockVid2_kernel

左侧替换为为Linformer的结构（transformer基础上加两个矩阵乘降低kv的seq_len），得到
的attn_score用来选择稀疏的kv block。

BLOCK_SIZE=64 tokens，对每个 query block 取一组 KV blocks，并且每个 KV block 允许
不同的有效长度的token（variable_block_sizes[kv_idx]），然后把这些 KV 片段 cat 成一段
连续的 k_blk/v_blk 来做注意力。

v0
profile:

v1: 使用TK
精度对比：
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这里TK和triton的精度已经很接近了，tk/triton和torch原版都有精度差异

v2: linformer使用flashattention
flash_attention只能得到output，不能得到attn_scores的矩阵，所以两处coarse_attention变
成了两个函数，gini处的coarse_attention无法使用flashattention。同时gini处可以只计算
attn_scores，省去一个乘法计算

省去一些transpose。

精度对比:
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时间：

context length 更长测试

目前的profile

triton +tk +flash_attn
+减少不必要的计算

Coarse (Linformer) 1.007 0.449

Gini+top-t 0.400 0.364

map_to_index 0.097 0.097

Fine 3.125 2.503 2.519

Fusion 0.231 0.237

TOTAL 4.860 4.260 (14.1%) 3.666 (32.6%)

●
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coarse stage:

gini selection:

map to index:
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fine stage:

fusion:
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Triton进一步优化
写的代码差不多，还没调出优化

my_kernel

v0

v1

改成 warp-per-query（32 threads）+ 向量化加载

v2
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v3

不太熟悉tma的写法，优化不动。。。

flexattention
OOM
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Block-Sparse-Attention(Hansong)
不支持每个block内部的variable_block_sizes，且blocksize只支持128。

继续优化tk

tk profile
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后续还有可能的优化:
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prefetch进一步优化？
fusion

●

●
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20260225
profile 更长的seq_len下的表现，不同稀疏度？
加上kvcache的decode

分析FA with KV
fa with kvcache的调用:

复制代码

compute_attn_1rowblock_splitkv中：

写cache: 拼接当前step的新的kv和旧的kv，传入hbm中历史kvcache的物理指针地址，
与当前step计算的kv拼接，从而更新kvcache

读cache: 把kvcache load到shared memory

●

●

flash_attn.modules.mha 里调用 flash_attn_with_kvcache(...)
→ flash_attn/flash_attn_interface.py: flash_attn_with_kvcache
→ C++ 扩展 flash_attn_gpu.fwd_kvcache
→ csrc/flash_attn/flash_api.cpp: mha_fwd_kvcache
→ run_mha_fwd(params, stream, /*force_split_kernel=*/...)
→ run_mha_fwd_splitkv_dispatch<...>(...)
→ run_flash_splitkv_fwd<...>(...)
→ flash_fwd_splitkv_kernel<...><<<...>>>(params)
→ compute_attn_splitkv<...>(params)
→ compute_attn_1rowblock_splitkv<...>(...)（

●

●
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其中的kvcache的显存：

fa是直接计算出q, k, v，fa with kvcache相比fa会多一个过程：传入历史kvcache在gpu hbm
中的物理指针地址，与当前step计算的kv拼接，从而更新kvcache。之后加载kvcache到gpu
的shared memory的过程并分块计算和普通的fa是一样的。

如果我们这个场景下考虑kvcache的话，当前block计算时需要读取之前所有block的
kvcache，并把当前block的kv的值和历史kvcache拼接。因为fa中kvcache应该是按照连续或
者block_table进行管理的，所以读取的时候是连续的一段。一个潜在的问题就是拼接的时
候，当前block的kv值可能会有很多并且内存不连续token，拼接的时候或许会有访存的问
题。不过拼接完之后的flash attn计算就是相同的方式了。

不同seq_len下的性能
先不考虑dyanmic block的选择，直接指定sparsity，定为90%

参考vsa中使用的seq len，这里用8192 16384 32768 65536 131072

之后就进入flash attention的计算，分块加载kvcache并计算●

Q：每个 CTA 负责一块，只load 一次，整个 K 序列复用

当前 iteration 在用 “上一轮已经拷到 shared 的 K/V” 做 GEMM

同时预取下一块 K/V 到 shared

○

○

○
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seq_len 越大，fine阶段的时间占比越大

with kvcache
想要确认一下在 attention 计算时，预取 kv block 的时间和 q 计算的具体的时间。

由于 flashattention 的原理，具体执行时 qkv 是分块做的预取和计算。原tk的代码利用了 
hopper 架构的  tma  指令可以实现异步加载，所以可以 overlap preload k/v block 和 
compute q&k/v的执行。

代码中具体是  wait(k_smem_arrived, kv_idx % 2);  的指令来等待 k block 完全加载完成，从
而实现同步，如果能知道这个  wait  的执行时间，就能知道 attention 中 k block 等待 
load 时间，判断和 compute 时间哪个更长。经了解可以通过SASS来看。
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sum: wait k block的指令其实已经执行完，此时访存kv block已经执行完成，在等待
gemm的计算。

但是为什么roofline的图点不在屋顶上，显示是compute bound呢？

●
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sum：roofline是由于其他计算和空泡导致打不到顶。

sum: 所以通过上面两个分析，该算子在load稀疏的kv_block_cache的时候已经会被
GEMM compute bound住，load的时间被计算overlap了，此时应该已经是一个
compute bound的算子。

●

●

如果我们这个场景下考虑kvcache的话，当前block计算时需要读取之前所有block的
kvcache，并把当前block的kv的值和历史kvcache拼接。因为fa中kvcache应该是按照连续
或者block_table进行管理的，所以读取的时候是连续的一段。一个潜在的问题就是拼接的
时候，当前block的kv值可能会有很多并且内存不连续token，拼接的时候或许会有访存的
问题。不过拼接完之后的flash attn计算就是相同的方式了。
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上面这里我上周分析到拼接会有稀疏访存的问题，但是我这里理解的不太对，拼接的时候只

会有一个block的new_K, new_V 通过store拼接到一块完整的old_KV cache的显存的后面，
所以不是稀疏访存，只有连续的load old_KV和append store一块连续的new_KV。

下面是现在attention_kernel的input格式。

复制代码

在传入attention kernel的时候需要是连续的一块的显存空间。如果考虑with kvcache，那么
在该kernel之前就需要将old_kvcache和new_kvcache进行拼接，然后变成连续的一块显存，
传入kernel。具体的完整执行也就是:

1. 新的一个block，输入是X，通过W_q, W_k, W_v得到new_Q, new_K, new_V，然后和
old_KV进行拼接形成full_K, full_V，然后变到一块连续的显存地址。

2. full_K,V通过pool计算会得到attn_score，从而可以进行dynamic sparse，此时可以得到q
对应的q2k_block_sparse_index, q2k_block_sparse_num, kv_block_size等该kernel的其
他输入参数，之后进行kernel的计算。

而在进入该kernel之前，old_kv已经是连续的一段显存，load old_KV是连续的一段访存，而
需要的就是把new_K, new_V拼接到该连续显存的后面，这也只是一个store的操作

而实际上在kernel内部，该已有的kernel已经解决了稀疏访存，其实就是通过tma异步的去
load一个kv block块，和compute overlap起来，并且此时通过前面profile看稀疏访存已经
被计算overlap了。

结论：如果kvcache的seq_len变得更长，首先由于稀疏，每个q对应的
q2k_block_sparse_num的数量也不会变得特别多，即使一个q会对应很多的k,v block，或者
是很少的k, v block，在attention_kernel之前的操作是一样的，也就是拼接kvcache，而
kernel内部的计算也是一样的，每一次都是取q,k,v的一个同样大小的tile在shared memory上
进行计算，所以即使再长，preload kv_block_cache的时间也同样会被计算overlap住。

上面的profile结果是: Q的seq_len=23296，K,V的seq_len由于使用了linformer压缩，
23296/64 = 364.

with kvcache

std::vector<torch::Tensor> 
block_sparse_attention_forward(
    torch::Tensor q, 
    torch::Tensor k, 
    torch::Tensor v, 
    torch::Tensor q2k_block_sparse_index, //每个q对应的稀疏的k,v block index
    torch::Tensor q2k_block_sparse_num,  // 每个q对应的稀疏的block数量，为了控制循环遍历稀疏块的次数
    torch::Tensor kv_block_size  // 每个kvblock内部的有效tokens数量
)
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gemini误导了我，上面关于compute bound的事情是错的，实际上就是memory bound。以
下分析没问题。

结论：如果kvcache的seq_len变得更长，首先由于稀疏，每个q对应的
q2k_block_sparse_num的数量也不会变得特别多，即使一个q会对应很多的k,v block，或者
是很少的k, v block，在attention_kernel之前的操作是一样的，也就是拼接kvcache，而
kernel内部的计算也是一样的，每一次都是取q,k,v的一个同样大小的tile在shared memory上
进行计算，

此时考虑直接看decode，考虑每次只有1个q_block，64tokens，k,v为23296 tokens。

由于不好知道实际的dynamic sparse ratio，这里我还是先用topk的方法去模拟sparsity 
ratio，这部分的开销不是主要部分。我这里就profile了sparsity从10到99的数值下的kernel的
加速情况。

无优化版本
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split-k

此时的访存和计算utilization都非常低。因为实际在kernel中计算的q只有一个block，所以可
以利用的sm就只有一个，可以使用split-k进行优化。

下面是对比：

memory throughput大大增加，compute throughput也增加，最终时间从149.63 -> 26.4，提
升5.67倍。
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因为 k, v copy 到连续访存的时间大概为0.2ms
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此时 fine stage 的计算时间已经很短了

这里还有点发现，这里是sparse branch中的sparse_block_attention的模块，我这里因为是
模拟的，所以kvcache不是连续的，在执行kernel前需要contiguous拷贝到一块连续的显存，
这块占比的时间其实挺大。

如果一开始就用连续的一段kvcache，这里的contiguous的开销占比其实也挺大的，不过这
是在kernel之前的处理，和kernel的实现没有关系，需要在框架层再做一下，我粗略看了zeyu
现在的代码的kvcache是layer粒度的，所以可能会存在kvcache碎片的情况。

double buffering

提升不大了。

增大tma的load size (64->128)

用kitten感觉实现有点问题，尝试了下也没效果
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想到triton上也可以实现splitk

首先给triton的kernel支持了q_seqlen和kv_seqlen不等的情况

然后在triton上实现split-k的优化，效果也很好：

e2e test

decode的情况下（q_tokens=64, kv_tokens变化，下图每一行表示一个kv_tokens_num）
sparse_block_attention的kernel执行时间

speedup: absolute time:
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total的执行时间

speedup absolute time
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如果不考虑kvcache，也就是prefill的情况下，q_seqlen和kv_seqlen相等，这里都取23296，
使用vsa的原始thunderkitten的kernel。如果使用了splitk, double buffer反而有负优化。

此时with kvcache时虽然kernel的性能提升了4-5倍，但是尴尬的是，sparse branch中
sparse block attention的时间占比不大，但是对于整体的时间优化其实不大。

n_q=64, n_kv=23296, sparsity=99%的情况下：

stage time(us) ﻿

linear branch 251.934 39.78%
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另外尝试了一下cuda stream，把linear branch和sparse branch overlap起来，不过两个
stream互相之间的kernel会发生竞争资源，影响大，total time反而变长了。

triton的实现，装起来会简单一些：

复制代码

dynamic selection 83.359 13.16%

kernel前处理map to index 79.135 12.50%

kernel前处理q,k,v 
contiguous

196.254 31.00%

sparse_block_attention 
kernel

11.776 1.86%

fusion 10.784 1.70%

633.242 ﻿

"""
Fused Attention
===============

This is a Triton implementation of the Flash Attention v2 algorithm from Tri Dao
(https://tridao.me/publications/flash2/flash2.pdf)

Credits: OpenAI kernel team
"""

import pytest
import torch
import triton
import triton.language as tl

# ──────────────────────────── SPARSE ADDITION BEGIN ───────────────────────────
import math  # small utility needed by the sparse wrapper
# ──────────────────────────── SPARSE ADDITION END ─────────────────────────────

# We don't run auto-tuning every time to keep the tutorial fast. Keeping
# the code below and commenting out the equivalent parameters is convenient for
# re-tuning.
configs = [
    triton.Config({'BLOCK_M': BM, 'BLOCK_N': BN}, num_stages=s, num_warps=w) \
    for BM in [64]\
    for BN in [64]\
    for s in [3, 4, 5, 6, 7, 8]\
    for w in [4, 8]\
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]

# ──────────────────────────── SPARSE ADDITION BEGIN ───────────────────────────
# Split-K only (no double-buffer)
@triton.autotune(configs, key=["Q_CTX", "KV_CTX", "HEAD_DIM"])
@triton.jit
def _attn_fwd_sparse(Q, K, V, sm_scale,                         #
                     q2k_index, q2k_num, max_kv_blks,           #
                     variable_block_sizes,
                     M, Out,                                    #
                     stride_qz, stride_qh, stride_qm, stride_qk,
                     stride_kz, stride_kh, stride_kn, stride_kk,
                     stride_vz, stride_vh, stride_vk, stride_vn,
                     stride_oz, stride_oh, stride_om, stride_on,
                     Z, H, Q_CTX, KV_CTX,                       #
                     HEAD_DIM: tl.constexpr,                    #
                     BLOCK_M: tl.constexpr, BLOCK_N: tl.constexpr,
                     NUM_SPLITS: tl.constexpr):
    """
    64×64 **block-sparse** forward kernel with Split-K.
    When NUM_SPLITS > 1, each instance processes a chunk of KV blocks; partial results are 
reduced later.
    """

    # ----- program-id mapping -----
    q_blk   = tl.program_id(0)          # Q-tile index
    off_hz  = tl.program_id(1)          # fused (batch, head)
    split_idx = tl.program_id(2)        # split index (0 when NUM_SPLITS=1)
    b       = off_hz // H
    h       = off_hz %  H
    q_tiles = Q_CTX // BLOCK_M
    meta_base = ((b * H + h) * q_tiles + q_blk)

    kv_blocks = tl.load(q2k_num  + meta_base)                 # int32
    kv_ptr    = q2k_index + meta_base * max_kv_blks           # ptr to list

    # ----- Split-K: compute kv_start, kv_end for this split -----
    chunk_size = (kv_blocks + NUM_SPLITS - 1) // NUM_SPLITS
    kv_start = split_idx * chunk_size
    kv_end = kv_start + chunk_size
    kv_end = tl.minimum(kv_end, kv_blocks)
    num_kv_this_split = kv_end - kv_start

    # ----- output batch index: when split, write to (b * NUM_SPLITS + split_idx) -----
    out_b = b * NUM_SPLITS + split_idx
    q_off = (b.to(tl.int64) * stride_qz + h.to(tl.int64) * stride_qh)
    k_off = (b.to(tl.int64) * stride_kz + h.to(tl.int64) * stride_kh)
    v_off = (b.to(tl.int64) * stride_vz + h.to(tl.int64) * stride_vh)
    o_off = (out_b.to(tl.int64) * stride_oz + h.to(tl.int64) * stride_oh)

    Q_ptr = tl.make_block_ptr(
        base=Q + q_off, shape=(Q_CTX, HEAD_DIM),
        strides=(stride_qm, stride_qk),
        offsets=(q_blk * BLOCK_M, 0),
        block_shape=(BLOCK_M, HEAD_DIM), order=(1, 0))

    K_base = tl.make_block_ptr(
        base=K + k_off, shape=(HEAD_DIM, KV_CTX),
        strides=(stride_kk, stride_kn),
        offsets=(0, 0),
        block_shape=(HEAD_DIM, BLOCK_N), order=(0, 1))
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    v_order: tl.constexpr = (0, 1) if V.dtype.element_ty == tl.float8e5 else (1, 0)
    V_base = tl.make_block_ptr(
        base=V + v_off, shape=(KV_CTX, HEAD_DIM),
        strides=(stride_vk, stride_vn),
        offsets=(0, 0),
        block_shape=(BLOCK_N, HEAD_DIM), order=v_order)

    O_ptr = tl.make_block_ptr(
        base=Out + o_off, shape=(Q_CTX, HEAD_DIM),
        strides=(stride_om, stride_on),
        offsets=(q_blk * BLOCK_M, 0),
        block_shape=(BLOCK_M, HEAD_DIM), order=(1, 0))

    # ----- accumulators -----
    offs_m = (out_b * H + h) * Q_CTX + q_blk * BLOCK_M + tl.arange(0, BLOCK_M)
    m_i = tl.full([BLOCK_M], -float("inf"), tl.float32)
    l_i = tl.zeros([BLOCK_M], dtype=tl.float32) + 1.0
    acc = tl.zeros([BLOCK_M, HEAD_DIM], dtype=tl.float32)
    qk_scale = sm_scale * 1.44269504  # 1/ln2
    q = tl.load(Q_ptr)

    # ----- sparse loop over K/V tiles in this split -----
    for i in tl.range(0, num_kv_this_split):
        idx_in_list = kv_start + i
        kv_idx = tl.load(kv_ptr + idx_in_list).to(tl.int32)
        block_size = tl.load(variable_block_sizes + kv_idx)
        K_ptr = tl.advance(K_base, (0, kv_idx * BLOCK_N))
        V_ptr = tl.advance(V_base, (kv_idx * BLOCK_N, 0))

        k = tl.load(K_ptr)
        qk = tl.dot(q, k)
        # mask out invalid columns
        mask = tl.arange(0, BLOCK_N) < block_size
        qk = tl.where(mask[None, :], qk, -float("inf"))

        m_ij = tl.maximum(m_i, tl.max(qk, 1) * qk_scale)
        p = tl.math.exp2(qk * qk_scale - m_ij[:, None])
        l_ij = tl.sum(p, 1)

        alpha = tl.math.exp2(m_i - m_ij)
        l_i = l_i * alpha + l_ij
        acc = acc * alpha[:, None]

        v = tl.load(V_ptr)
        acc = tl.dot(p.to(tl.bfloat16), v, acc)
        m_i = m_ij

    # ----- epilogue -----
    m_i += tl.math.log2(l_i)
    acc = acc / l_i[:, None]
    tl.store(M + offs_m, m_i)
    tl.store(O_ptr, acc.to(Out.type.element_ty))

@triton.jit
def _attn_fwd_reduce(O_partial, M_partial, O_final, M_final,
                    batch, num_splits, qo_heads, q_seq_len,
                    HEAD_DIM: tl.constexpr,
                    stride_o_partial_b, stride_o_partial_h, stride_o_partial_m, 
stride_o_partial_n,
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                    stride_o_final_b, stride_o_final_h, stride_o_final_m, stride_o_final_n,
                    stride_m_partial_b, stride_m_partial_h, stride_m_partial_m,
                    stride_m_final_b, stride_m_final_h, stride_m_final_m):
    """
    Reduce partial Split-K results: softmax-weighted combination of o_partial across splits.
    O_partial: [batch*num_splits, heads, seq, head_dim]
    M_partial: [batch*num_splits, heads, seq]  (lse in log2 space)
    """
    seq_idx = tl.program_id(0)
    head_idx = tl.program_id(1)
    b_idx = tl.program_id(2)
    d_idx = tl.arange(0, HEAD_DIM)

    if seq_idx >= q_seq_len:
        return

    # Find max_lse across splits
    max_lse = -1e20
    for s in range(num_splits):
        m_idx = (b_idx * num_splits + s) * stride_m_partial_b + head_idx * stride_m_partial_h + 
seq_idx * stride_m_partial_m
        l = tl.load(M_partial + m_idx)
        max_lse = tl.maximum(max_lse, l)

    # Weighted sum: out = sum(exp2(lse_i - max_lse) * o_i) / sum(exp2(lse_i - max_lse))
    sum_exp = 0.0
    out_acc = tl.zeros([HEAD_DIM], dtype=tl.float32)
    for s in range(num_splits):
        m_idx = (b_idx * num_splits + s) * stride_m_partial_b + head_idx * stride_m_partial_h + 
seq_idx * stride_m_partial_m
        o_idx = (b_idx * num_splits + s) * stride_o_partial_b + head_idx * stride_o_partial_h + 
seq_idx * stride_o_partial_m
        lse = tl.load(M_partial + m_idx)
        exp_val = tl.math.exp2(lse - max_lse)
        sum_exp += exp_val
        o_val = tl.load(O_partial + o_idx + d_idx * stride_o_partial_n).to(tl.float32)
        out_acc += exp_val * o_val

    # Avoid div by zero when all splits empty
    sum_exp = tl.maximum(sum_exp, 1e-20)
    out_acc = out_acc / sum_exp
    lse_final = max_lse + tl.math.log2(sum_exp)

    # Store
    out_ptr = b_idx * stride_o_final_b + head_idx * stride_o_final_h + seq_idx * stride_o_final_m
    tl.store(O_final + out_ptr + d_idx * stride_o_final_n, out_acc.to(O_final.dtype.element_ty))
    m_ptr = b_idx * stride_m_final_b + head_idx * stride_m_final_h + seq_idx * stride_m_final_m
    tl.store(M_final + m_ptr, lse_final)
# ──────────────────────────── SPARSE ADDITION END ─────────────────────────────

@triton.jit
def _attn_bwd_preprocess(O, DO,  #
                         Delta,  #
                         Z, H, Q_CTX,  #
                         BLOCK_M: tl.constexpr, HEAD_DIM: tl.constexpr  #
                         ):
    off_m = tl.program_id(0) * BLOCK_M + tl.arange(0, BLOCK_M)
    off_hz = tl.program_id(1)
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    off_n = tl.arange(0, HEAD_DIM)
    # load
    o = tl.load(O + off_hz * HEAD_DIM * Q_CTX + off_m[:, None] * HEAD_DIM + off_n[None, :])
    do = tl.load(DO + off_hz * HEAD_DIM * Q_CTX + off_m[:, None] * HEAD_DIM + off_n[None, 
:]).to(tl.float32)
    delta = tl.sum(o * do, axis=1)
    # write-back
    tl.store(Delta + off_hz * Q_CTX + off_m, delta)

# The main inner-loop logic for computing dK and dV.
@triton.jit
def _attn_bwd_dkdv(dk, dv,  #
                   Q, k, v, sm_scale,  #
                   DO,  #
                   M, D,  #
                   k2q_index, k2q_num, max_q_blks,
                   variable_block_sizes,
                   stride_q_tok, stride_d,  #
                   H, KV_CTX, BLOCK_M1: tl.constexpr,  #
                   BLOCK_N1: tl.constexpr,  #
                   HEAD_DIM: tl.constexpr,  #
                   start_n, start_m, num_steps):
    offs_m = start_m + tl.arange(0, BLOCK_M1)
    offs_n = start_n + tl.arange(0, BLOCK_N1)
    offs_k = tl.arange(0, HEAD_DIM)
    qT_ptrs = Q + offs_m[None, :] * stride_q_tok + offs_k[:, None] * stride_d
    do_ptrs = DO + offs_m[:, None] * stride_q_tok + offs_k[None, :] * stride_d
    tl.static_assert(BLOCK_N1 % BLOCK_M1 == 0)
    step_m = BLOCK_M1
    kv_blk   = tl.program_id(0)
    off_hz  = tl.program_id(2)
    b       = off_hz // H
    h       = off_hz %  H
    kv_tiles = KV_CTX // BLOCK_N1
    meta_base = ((b * H + h) * kv_tiles + kv_blk)

    q_blocks = tl.load(k2q_num  + meta_base)                 # int32
    q_ptr    = k2q_index + meta_base * max_q_blks           # ptr to list
    block_size = tl.load(variable_block_sizes + kv_blk)
    
    
        
    for blk_idx in range(q_blocks*2):
        block_sparse_offset = (tl.load(q_ptr + blk_idx//2).to(tl.int32)*2 + blk_idx%2) *step_m
        qT = tl.load(qT_ptrs + block_sparse_offset * stride_q_tok)
        # Load m before computing qk to reduce pipeline stall.
        offs_m = start_m + block_sparse_offset + tl.arange(0, BLOCK_M1)
        m = tl.load(M + offs_m)
        qkT = tl.dot(k, qT)
        pT = tl.math.exp2(qkT - m[None, :])
        mask = tl.arange(0, BLOCK_N1) < block_size
        pT = tl.where(mask[:, None], pT, 0.0)

        do = tl.load(do_ptrs + block_sparse_offset * stride_q_tok)
        # Compute dV.
        ppT = pT
        ppT = ppT.to(tl.bfloat16)
        dv += tl.dot(ppT, do)
        # D (= delta) is pre-divided by ds_scale.
        Di = tl.load(D + offs_m)
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        # Compute dP and dS.
        dpT = tl.dot(v, tl.trans(do)).to(tl.float32)
        dsT = pT * (dpT - Di[None, :])
        dsT = dsT.to(tl.bfloat16)
        dk += tl.dot(dsT, tl.trans(qT))
        # Increment pointers.
    return dk, dv

# the main inner-loop logic for computing dQ
@triton.jit
def _attn_bwd_dq(dq, q, K, V,  #
                 do, m, D,
                 q2k_index, q2k_num, max_kv_blks,
                 variable_block_sizes,
                 stride_kv_tok, stride_d,  #
                 H, Q_CTX,  #
                 BLOCK_M2: tl.constexpr,  #
                 BLOCK_N2: tl.constexpr,  #
                 HEAD_DIM: tl.constexpr,
                 start_m, start_n, num_steps):
    offs_m = start_m + tl.arange(0, BLOCK_M2)
    offs_n = start_n + tl.arange(0, BLOCK_N2)
    offs_k = tl.arange(0, HEAD_DIM)
    kT_ptrs = K + offs_n[None, :] * stride_kv_tok + offs_k[:, None] * stride_d
    vT_ptrs = V + offs_n[None, :] * stride_kv_tok + offs_k[:, None] * stride_d
    Di = tl.load(D + offs_m)
    tl.static_assert(BLOCK_M2 % BLOCK_N2 == 0)
    step_n = BLOCK_N2
    
    q_blk   = tl.program_id(0)
    off_hz  = tl.program_id(2)
    b       = off_hz // H
    h       = off_hz %  H
    q_tiles = Q_CTX // BLOCK_M2
    meta_base = ((b * H + h) * q_tiles + q_blk)

    kv_blocks = tl.load(q2k_num  + meta_base)                 # int32
    kv_ptr    = q2k_index + meta_base * max_kv_blks           # ptr to list
    
    
    for blk_idx in range(kv_blocks*2):
        block_sparse_offset = (tl.load(kv_ptr + blk_idx//2).to(tl.int32)*2 + blk_idx%2) *step_n 
* stride_kv_tok
        block_size = tl.load(variable_block_sizes + blk_idx//2) - (blk_idx%2) * step_n
        kT = tl.load(kT_ptrs + block_sparse_offset)
        vT = tl.load(vT_ptrs + block_sparse_offset)
        qk = tl.dot(q, kT)
        p = tl.math.exp2(qk - m)
        mask = tl.arange(0, BLOCK_N2) < block_size.to(tl.int32)
        p = tl.where(mask[None, :], p , 0.0)
        # Compute dP and dS.
        dp = tl.dot(do, vT).to(tl.float32)
        ds = p * (dp - Di[:, None])
        ds = ds.to(tl.bfloat16)
        # Compute dQ.
        # NOTE: We need to de-scale dq in the end, because kT was pre-scaled.
        dq += tl.dot(ds, tl.trans(kT))
        # Increment pointers.
    return dq
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@triton.jit
def _attn_bwd(Q, K, V, sm_scale,  #
              DO,  #
              DQ, DK, DV,  #
              M, D,
              q2k_index, q2k_num, max_kv_blks,
              k2q_index, k2q_num, max_q_blks,
              variable_block_sizes,
              stride_qz, stride_qh, stride_qm, stride_qk,
              stride_kz, stride_kh, stride_kn, stride_kk,
              stride_vz, stride_vh, stride_vk, stride_vn,
              H, Q_CTX, KV_CTX,  #
              BLOCK_M1: tl.constexpr,  #
              BLOCK_N1: tl.constexpr,  #
              BLOCK_M2: tl.constexpr,  #
              BLOCK_N2: tl.constexpr,  #
              HEAD_DIM: tl.constexpr):
    LN2 = 0.6931471824645996  # = ln(2)

    bhid = tl.program_id(2)
    off_chz = (bhid * Q_CTX).to(tl.int64)
    adj_q = (stride_qh * (bhid % H) + stride_qz * (bhid // H)).to(tl.int64)
    adj_kv = (stride_kh * (bhid % H) + stride_kz * (bhid // H)).to(tl.int64)
    pid = tl.program_id(0)

    # offset pointers: Q/DO/DQ use adj_q, K/V/DK/DV use adj_kv (different seq lengths)
    Q += adj_q
    K += adj_kv
    V += adj_kv
    DO += adj_q
    DQ += adj_q
    DK += adj_kv
    DV += adj_kv
    M += off_chz
    D += off_chz

    offs_k = tl.arange(0, HEAD_DIM)

    start_n = pid * BLOCK_N1
    start_m = 0

    offs_n = start_n + tl.arange(0, BLOCK_N1)

    dv = tl.zeros([BLOCK_N1, HEAD_DIM], dtype=tl.float32)
    dk = tl.zeros([BLOCK_N1, HEAD_DIM], dtype=tl.float32)

    # load K and V: use stride_kn, stride_kk for K; stride_vk, stride_vn for V
    k = tl.load(K + offs_n[:, None] * stride_kn + offs_k[None, :] * stride_kk)
    v = tl.load(V + offs_n[:, None] * stride_vk + offs_k[None, :] * stride_vn)

    num_steps = Q_CTX // BLOCK_M1

    dk, dv = _attn_bwd_dkdv(  #
        dk, dv,  #
        Q, k, v, sm_scale,  #
        DO,  #
        M, D,  #
        k2q_index, k2q_num, max_q_blks,
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        variable_block_sizes,
        stride_qm, stride_qk,  #
        H, KV_CTX,  #
        BLOCK_M1, BLOCK_N1, HEAD_DIM,  #
        start_n, start_m, num_steps  #
    )

    dv_ptrs = DV + offs_n[:, None] * stride_vk + offs_k[None, :] * stride_vn
    tl.store(dv_ptrs, dv)

    dk *= sm_scale
    dk_ptrs = DK + offs_n[:, None] * stride_kn + offs_k[None, :] * stride_kk
    tl.store(dk_ptrs, dk)

    # DQ: only when pid < Q_CTX // BLOCK_M2 (cross-attention: Q blocks may be fewer than KV 
blocks)
    if pid < (Q_CTX // BLOCK_M2):
        start_m = pid * BLOCK_M2
        end_n = 0

        offs_m = start_m + tl.arange(0, BLOCK_M2)

        q = tl.load(Q + offs_m[:, None] * stride_qm + offs_k[None, :] * stride_qk)
        dq = tl.zeros([BLOCK_M2, HEAD_DIM], dtype=tl.float32)
        do = tl.load(DO + offs_m[:, None] * stride_qm + offs_k[None, :] * stride_qk)

        m = tl.load(M + offs_m)
        m = m[:, None]

        num_steps = KV_CTX // BLOCK_N2
        dq = _attn_bwd_dq(dq, q, K, V,  #
                          do, m, D,  #
                          q2k_index, q2k_num, max_kv_blks,
                          variable_block_sizes,
                          stride_kn, stride_kk,  # stride_kv_tok, stride_d for K/V
                          H, Q_CTX,  #
                          BLOCK_M2, BLOCK_N2, HEAD_DIM,  #
                          start_m, end_n, num_steps  #
                          )
        dq_ptrs = DQ + offs_m[:, None] * stride_qm + offs_k[None, :] * stride_qk
        dq *= LN2
        tl.store(dq_ptrs, dq)
    
    

# ──────────────────────────── SPARSE ADDITION BEGIN ───────────────────────────
def triton_block_sparse_attn_forward(q, k, v, q2k_index, q2k_num, variable_block_sizes):
    """
    Block-sparse attention forward with Split-K.
    Split-K: when base_blocks < 108, split KV blocks across multiple programs for better 
parallelism.
    """
    B, H, Q_CTX, D = q.shape
    _, _, KV_CTX, _ = k.shape
    sm_scale = 1.0 / math.sqrt(D)
    max_kv_blks = q2k_index.shape[-1]
    assert Q_CTX % 64 == 0, f"Q_CTX must be a multiple of 64, but got {Q_CTX}"
    assert Q_CTX // 64 == q2k_num.shape[-1], f"shape mismatch, Q_CTX // 64 = {Q_CTX // 64}, 
q2k_num.shape[-1] = {q2k_num.shape[-1]}"
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    assert KV_CTX % 64 == 0, f"KV_CTX must be a multiple of 64, but got {KV_CTX}"

    BLOCK_M = 64
    base_blocks = (Q_CTX // BLOCK_M) * H * B
    num_splits = 1
    if base_blocks < 108:
        num_splits = (108 + base_blocks - 1) // base_blocks
        if num_splits > 64:
            num_splits = 64

    if num_splits == 1:
        o = torch.empty_like(q)
        M = torch.empty((B, H, Q_CTX), dtype=torch.float32, device=q.device)
        grid = (triton.cdiv(Q_CTX, BLOCK_M), B * H, 1)
        _attn_fwd_sparse[grid](
            q, k, v, sm_scale,
            q2k_index, q2k_num, max_kv_blks,
            variable_block_sizes,
            M, o,
            q.stride(0), q.stride(1), q.stride(2), q.stride(3),
            k.stride(0), k.stride(1), k.stride(2), k.stride(3),
            v.stride(0), v.stride(1), v.stride(2), v.stride(3),
            o.stride(0), o.stride(1), o.stride(2), o.stride(3),
            B, H, Q_CTX, KV_CTX,
            HEAD_DIM=D, NUM_SPLITS=1
        )
        return o, M

    # Split-K path: partial results then reduce
    o_partial = torch.empty((B * num_splits, H, Q_CTX, D), dtype=q.dtype, device=q.device)
    M_partial = torch.empty((B * num_splits, H, Q_CTX), dtype=torch.float32, device=q.device)
    o = torch.empty_like(q)
    M = torch.empty((B, H, Q_CTX), dtype=torch.float32, device=q.device)

    grid = (triton.cdiv(Q_CTX, BLOCK_M), B * H, num_splits)
    _attn_fwd_sparse[grid](
        q, k, v, sm_scale,
        q2k_index, q2k_num, max_kv_blks,
        variable_block_sizes,
        M_partial, o_partial,
        q.stride(0), q.stride(1), q.stride(2), q.stride(3),
        k.stride(0), k.stride(1), k.stride(2), k.stride(3),
        v.stride(0), v.stride(1), v.stride(2), v.stride(3),
        o_partial.stride(0), o_partial.stride(1), o_partial.stride(2), o_partial.stride(3),
        B, H, Q_CTX, KV_CTX,
        HEAD_DIM=D, NUM_SPLITS=num_splits
    )

    # Reduce partial results
    reduce_grid = (Q_CTX, H, B)
    _attn_fwd_reduce[reduce_grid](
        o_partial, M_partial, o, M,
        batch=B, num_splits=num_splits, qo_heads=H, q_seq_len=Q_CTX,
        HEAD_DIM=D,
        stride_o_partial_b=o_partial.stride(0), stride_o_partial_h=o_partial.stride(1),
        stride_o_partial_m=o_partial.stride(2), stride_o_partial_n=o_partial.stride(3),
        stride_o_final_b=o.stride(0), stride_o_final_h=o.stride(1),
        stride_o_final_m=o.stride(2), stride_o_final_n=o.stride(3),
        stride_m_partial_b=M_partial.stride(0), stride_m_partial_h=M_partial.stride(1),
        stride_m_partial_m=M_partial.stride(2),
        stride_m_final_b=M.stride(0), stride_m_final_h=M.stride(1), stride_m_final_m=M.stride(2),
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tk的实现：

复制代码

要接入框架的话可以让gpt写，只要build.sh安装后就可以通过python的方式import。

如果需要tk我可以接进去，不过triton应该更好接

    )

    return o, M

def triton_block_sparse_attn_backward(do, q, k, v, o, M, q2k_index, q2k_num, k2q_index, k2q_num, 
variable_block_sizes):
    assert do.is_contiguous()
    B, H, Q_CTX, D = q.shape
    _, _, KV_CTX, _ = k.shape
    sm_scale = 1.0 / math.sqrt(D)
    dq = torch.empty_like(q)
    dk = torch.empty_like(k)
    dv = torch.empty_like(v)
    BLOCK_M1, BLOCK_N1, BLOCK_M2, BLOCK_N2 = 32, 64, 64, 32
    RCP_LN2 = 1.4426950408889634  # = 1.0 / ln(2)
    arg_k = k * (sm_scale * RCP_LN2)
    PRE_BLOCK = 64
    assert Q_CTX % PRE_BLOCK == 0
    assert KV_CTX % BLOCK_N1 == 0
    pre_grid = (Q_CTX // PRE_BLOCK, B * H)
    delta = torch.empty_like(M)
    _attn_bwd_preprocess[pre_grid](
        o, do,  #
        delta,  #
        B, H, Q_CTX,  #
        BLOCK_M=PRE_BLOCK, HEAD_DIM=D  #
    )

    max_q_blks = k2q_index.shape[-1]
    max_kv_blks = q2k_index.shape[-1]

    grid = (KV_CTX // BLOCK_N1, 1, B * H)
    _attn_bwd[grid](
        q, arg_k, v, sm_scale, do, dq, dk, dv,  #
        M, delta,  #
        q2k_index, q2k_num, max_kv_blks,
        k2q_index, k2q_num, max_q_blks,
        variable_block_sizes,
        q.stride(0), q.stride(1), q.stride(2), q.stride(3),
        k.stride(0), k.stride(1), k.stride(2), k.stride(3),
        v.stride(0), v.stride(1), v.stride(2), v.stride(3),
        H, Q_CTX, KV_CTX,  #
        BLOCK_M1=BLOCK_M1, BLOCK_N1=BLOCK_N1,  #
        BLOCK_M2=BLOCK_M2, BLOCK_N2=BLOCK_N2,  #
        HEAD_DIM=D  #
    )

1. 安装
bash build.sh
2. benchmark
kernels/run.sh
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