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Abstract

Transformers are state-of-the-art models for many machine learn-
ing tasks, but they suffer from high computational costs due to
the quadratic complexity of self-attention layers. Block-sparse at-
tention has been proposed to alleviate this cost. However, despite
their theoretical benefits, existing implementations of block-sparse
attention remain inefficient and have yet to fully realize the po-
tential of these sparse models. In this paper, we propose Ziggs, a
reuse-aware block scheduling and execution framework for effi-
cient block-sparse attention. Ziggs clusters sparse attention blocks
to expose reuse opportunities, and formulates intra-group block
scheduling as a Markov Decision Process (MDP) to select execu-
tion order under limited shared memory. By combining an offline
learned pattern-to-order table with a lightweight heuristic fallback
for unseen block-group patterns, Ziggs reduces redundant global
memory accesses while preserving GPU parallelism. The resulting
schedules are encoded into lightweight metadata that guides op-
timized SDDMM and SpMM kernels, enabling inter-block reuse
and reducing memory loads. Experiments on A100 and H200 GPUs
show that Ziggs achieves up to 2.05x speedup and reduces global
memory traffic by up to 1.44X compared to prior sparse imple-
mentations, while delivering 1.61X-3.15X end-to-end speedup over
PyTorch dense baselines.
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1 Introduction

Transformer-based architectures have become a cornerstone of
modern deep learning, achieving remarkable success in natural lan-
guage processing [16] and computer vision [21]. At the core of this
success is the self-attention mechanism [50], which enables Trans-
formers to capture long-range dependencies and dynamically focus
on the most relevant tokens within an input sequence. However,
self-attention layers incur quadratic complexity with respect to
sequence length, resulting in significant computational and energy
challenges [32, 33]. The attention scores are computed by multi-
plying the query Q and key KT matrices, followed by a softmax
normalization. The attention output O is then obtained by multi-
plying the normalized attention matrix P with the value V matrix.
Recent systems studies [1, 26, 42] further show that Transformer
inference often presents greater engineering challenges than train-
ing, particularly in achieving ultra-high throughput and efficient
GPU utilization under tight memory and latency constraints.

To address these challenges, a variety of optimization techniques
have been explored, including quantization [6], kernel-based ap-
proximations [8], and structured sparsity [3, 25]. Among these,
block-sparse attention [5, 27, 30, 45, 46, 52] has emerged as one
of the most promising approaches. The key idea is to partition an
attention score matrix into sub-blocks, computing only selected
blocks while treating the rest as zeros. Recent widely used studies,
such as Routing Transformer [46], Reformer [27], and Pixelated
Butterfly [5], leverage different block-sparse attention patterns to
avoid unnecessary computation on less informative connections,
reducing computational overhead without sacrificing accuracy.

Despite these advancements, state-of-the-art implementations [5,
27, 46] of block-sparse attention still deliver limited performance
gains. The main reason is that they treat each block-wise multi-
plication as an independent GEMM operation, thereby missing
opportunities for data reuse across blocks. As illustrated in Figure
1, identical Q or KT blocks are repeatedly loaded from global mem-
ory to shared memory during attention score computation. For
instance, the computation of block S(2,0) and block S(2, 2) both
require Q, blocks, while block S(0, 2) and block S(2, 2) demand the
same K blocks. Also, when multiplying P with V for attention
output O, multiple blocks of P may request the same rows of V.
Although substantial data reuse exists across different block com-
putations, prior implementations overlook these opportunities and
treat block operations in isolation. As a result, this reuse is not
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Figure 1: Evolution of data loaded in shared memory over
execution time. Q and KT are redundantly loaded from global
memory to shared memory. Left: block-sparse attention.
Right: data stored in shared memory over execution time.

effectively exploited, leading to unnecessary global memory traffic

and underutilization of both computing units and on-chip memory.

These inefficiencies motivate the need for inter-block data reuse

across attention computations.

However, effectively exploiting inter-block reuse is non-trivial.
First, finding an optimal execution order is itself a challenging
scheduling problem. Data reuse depends on whether required data
remains resident across consecutive computations, making reuse
highly dependent on execution order. Second, inter-block reuse
patterns in block-sparse Transformers are irregular and sparsity-
pattern-dependent, making it difficult to design general scheduling
strategies. Third, maximizing reuse does not always align with GPU-
friendly parallel execution: larger block groups expose more reuse
but reduce parallelism, whereas smaller groups make the opposite
trade-off. Finally, even when reuse opportunities are identified,
translating them into practical GPU speedups remains challenging
due to limited shared memory capacity and the need for lightweight
runtime control to avoid excessive divergence and overhead.

Based on these challenges, we propose Ziggs for efficient block-
sparse Transformers. Ziggs adopts a two-stage design consisting of
(1) reuse-aware block scheduling and (2) scheduling-guided GPU
kernel execution. In the first stage, Ziggs groups sparse attention
blocks to expose potential reuse opportunities and formulates block
ordering within each group as a Markov Decision Process (MDP),
allowing Ziggs to select execution orders that account for immediate
reuse and future cache evolution. The learned scheduling results
are stored as a pattern-to-order table for common sparse patterns,
while unseen patterns are handled by a reuse-aware heuristic. In the
second stage, Ziggs translates the scheduling decisions into compact
metadata that guides optimized SDDMM and SpMM kernels. This
metadata allows kernels to decide whether operands should be
loaded from global memory or reused from shared memory, and
enables local accumulation of SpMM partial results before final
writeback. Together, reuse-aware scheduling and metadata-guided
kernels reduce redundant global memory accesses and translate
inter-block reuse into practical GPU speedups.

To summarize, this paper makes the following contributions:

e We identify the performance issues of previous block-sparse
attention implementations and introduce an offline Q-learning-
based block scheduling strategy that builds a pattern-to-order
table for inter-block data reuse.
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Figure 2: Sparse attention computation.

o We develop optimized GPU kernels that exploit the preprocessed
data and achieve inter-block data reuse through GPU shared
memory for both CUDA Cores and Tensor Cores.

o Our kernels achieve 1.18-2.05X speedups and reduce global mem-
ory traffic by 1.18-1.44x over state-of-the-art sparse implemen-
tations, while delivering 1.61-3.15x end-to-end speedup over the
PyTorch dense baseline.

2 Background

This section gives background on block-sparse attention and its
previous implementation methods.

2.1 Sparse Attention

Self-attention mechanism [50] enables each token to attend to all
others by computing attention scores (S) through the dot product of
the query (Q) and key (KT) matrices. These scores are normalized
with softmax to form P, which weights the value (V) matrix to
produce the output (O). While this fully connected structure al-
lows Transformers to capture rich contextual information, it incurs
quadratic computational and memory complexity with respect to
the input sequence length. Research has shown that many token
interactions are redundant and that the attention pattern is inher-
ently sparse [7]. Motivated by this observation, a variety of sparse
attention mechanisms have been proposed [9, 10, 31, 47, 53, 54].

Sparsification in attention can be broadly categorized as static
or dynamic. Static sparsification [3, 5, 10, 52] employs fixed, data-
independent sparsity patterns, which lack adaptability and may
degrade accuracy under aggressive pruning. Dynamic sparsification
[23, 27, 46], in contrast, determines sparsity at runtime based on
input data, typically achieving a better efficiency—accuracy trade-
off. Our inter-block data reuse method is orthogonal to sparsity
pattern generation and supports memory-efficient execution of
both static and dynamic sparse attention.

For sparse attention, the computation can be decomposed into
two sparse matrix operations. First, SDDMM (Sampled Dense-
Dense Matrix Multiplication), shown in Figure 2(a), computes QKT
only at positions specified by the sparsity pattern of the attention
score matrix S. In block-sparse attention, the sparsity pattern is
defined at the block level, allowing entire blocks of S to be skipped.
Second, SpMM (Sparse Matrix-Matrix Multiplication), shown in
Figure 2(b), multiplies the sparse attention matrix P with the dense
value matrix V to generate the output.
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Figure 3: Three representative block-sparse attention pat-
terns. Each colored block consists of multiple elements in
the attention matrix. Previous works typically assign each

GPU thread block to process an individual block.

2.2 Block-sparse Attention Mechanisms

Recent advances in efficient Transformers have introduced vari-
ants that exploit block-sparse attention patterns to reduce com-
putational complexity while maintaining accuracy, making them
well-suited for efficient execution on modern hardware accelera-
tors. Figure 3 illustrates three representative block-sparse attention
patterns, where nonzero entries appear only within specific blocks,
enabling efficient computation while preserving relevant depen-
dencies. Specifically, Routing Transformer [46] uses content-based
routing to dynamically select a subset of keys for each query, gener-
ating sparse attention scores clustered by token similarity. Reformer
[27] employs locality-sensitive hashing to group queries and keys
into buckets, resulting in block-sparse attention where each query
attends only to keys within the same hash bucket. Pixelated Butter-
fly [5] organizes tokens in a hierarchical butterfly structure, pro-
ducing sparse attention patterns characterized by diagonal blocks
corresponding to multi-scale token interactions.

2.3 Existing Implementations of Block-sparse
Attention

Existing implementations of block-sparse attention adopt different
execution strategies on GPUs. Some libraries [14, 19, 28, 39, 45, 48]
adopt the Block Compressed Sparse Row (BCSR) format, which
facilitates efficient parallelization of dense matrix blocks. However,
this approach often suffers from load imbalance, since different
rows often contain varying numbers of blocks.

Reformer [27] and Routing Transformer [46] instead rely on
PyTorch-based implementations using BCOO format. In these im-
plementations, the corresponding Q, KT, and V blocks are gathered
and reshaped into dense block tensors and processed block by
block. Although this approach is simple, it incurs many kernel
launches and intermediate-memory operations, which limit prac-
tical performance. Pixelated Butterfly [5] adopts a Triton-based
implementation that builds lookup tables from the sparse layout
and iterates over blocks accordingly. Although this improves flexi-
bility and programmability, block computations are still executed
largely independently, limiting opportunities for data reuse.

Despite these differences, existing implementations share a com-
mon limitation: they typically process each block independently
and do not explicitly exploit data reuse across blocks. In practice,
many blocks share rows or columns, and reusing the correspond-
ing Q, KT, or V data through shared memory could significantly
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Figure 4: Illustration of inter-block data reuse effectiveness
under different block execution orders.

reduce redundant memory accesses. In addition, block-wise exe-
cution often introduces extra intermediate storage and frequent
kernel launches, further limiting effective throughput. According to
our profiling results (shown in Figure 9), PyTorch implementation
achieves only 5%-15% of the peak throughput on an NVIDIA A100
GPU.

3 Improving Inter-block Data Reuse through
Block Scheduling

To achieve inter-block reuse, Ziggs introduces an offline Q-learning
based block scheduling strategy that builds a pattern-to-order table
for reordering sparse attention blocks before kernel launch.

3.1 Block Scheduling as a Markov Decision
Process

To expose inter-block reuse opportunities, we first group attention
blocks using a hierarchical clustering method inspired by prior
work [24], based on similarity over their row and column indices.
We use this clustering only for initial block grouping, while Ziggs
further introduces cache-aware scheduling and reuse-aware kernel
execution. Row overlap captures opportunities for reusing Q and
output accumulation, while column overlap captures opportunities
for reusing KT and V. The group size is constrained to balance
reuse, parallelism, and shared memory usage.

After attention blocks are clustered into block groups, we want
to maximize data reuse among the blocks within each block group.
This depends critically on the execution order, because different
schedules lead to different shared memory states and therefore
expose different opportunities for reusing Q and K7 /V. Since shared
memory can hold only a small number of active blocks at a time,
reuse is possible only when subsequent computations access the
same row or column data before the resident blocks are evicted.
Therefore, even for the same block group, different execution orders
can result in substantially different memory access overhead.

Figure 4 shows that different execution orders can lead to dif-
ferent memory access costs for the same block group. Without
inter-block reuse, each block independently loads both its Q and
K T/ V blocks, resulting in 12 block data loads, as shown in Fig-
ure 4(a). A simple row-wise order reuses Q across blocks in the
same row and reduces the number of memory loads to 9, but it
misses column-wise reuse opportunities, as shown in Figure 4(b).

Figure 4(c) shows a frequency-based heuristic schedule under
a shared memory budget that can hold at most three Q or KT /V
blocks. This heuristic first pins a persistent Q block from the most



PACT °26, October 19-22, 2026, Chicago, IL, USA

frequent row (Qp in this example) to enable row reuse, and then
orders the remaining blocks by prioritizing column locality so that
consecutive blocks can reuse the same K /V block whenever possi-
ble. With this pinned-row and column-oriented ordering, the num-
ber of loads is reduced to 7. The shared memory contents evolve
as QoKo — Q0Q1Ko — Q0 Q2Ko — Qo 02K1 — Q0 Q1K1 — Q901 K>. In
contrast, our method shown in Figure 4(d) uses the same shared
memory capacity but manages the contents as an LRU-like cache.
This allows the scheduler to preserve data useful for future blocks
rather than only following a fixed pinned-row and column-local
order, further reducing the number of loads to 6. The corresponding
shared memory contents evolve as QoK; — QoKoK; — QoKoK; —
Q1KoK1 — Q1Ko K1 — Q102Ko.

This indicates that simply pinning a frequently accessed block or
following local row/column locality is not always sufficient, since
the benefit of an execution order depends on how memory accesses
evolve across the entire block group. Scheduling is therefore an
ordering problem whose objective is to minimize the total memory
access cost. To make effective decisions, the scheduler needs to
track both the blocks that have already been executed and the data
currently residing in shared memory.

Given the resulting block groups, we formulate block scheduling
within each block group as a Markov Decision Process (MDP).
Specifically, a state s; is defined as

st = (Vo My),

where V; denotes the set of visited blocks and M; denotes the
shared memory cache state after step ¢t — 1. Unlike a static reuse
annotation, M, explicitly records which Q and K7 /V blocks are
currently resident in shared memory. We model M, as an LRU-like
cache: when a block is executed, its corresponding Q and KT /V
blocks are inserted into or refreshed in the cache; if the cache
capacity is exceeded, the least recently used entry is evicted.

An action a; € A, corresponds to selecting the next block from
the candidate set in G. The state transition is deterministic: exe-
cuting a; updates the state to s;.; by adding a; to the visited set
YV, and updating M, according to the newly loaded and reused
blocks in shared memory. Since each reused operand avoids one
global-memory block load in our block-level model, we define the
reward as the number of avoided operand loads:

2, if both Q; and KtT/V, are reused,
1, if either Q; or K,T/V, is reused,
R(se ar) = . T
0, if both Q; and K; /V; must be loaded,

—-1000, ifa; € V.

Under this formulation, the scheduler can determine whether Q
can be reused by checking whether the row block required by a, is
present in M. Similarly, K /V can be reused if the column block
required by a; is present in the current cache state. Otherwise, the
missing data must be loaded from global memory and inserted
into M, according to the cache update rule. To prevent a block in
V; from being selected again, we assign a large negative reward
(—1000) to such actions. The scheduling objective is therefore

arg max Z R(ss,ar).
t
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We use this MDP formulation to construct a reuse-aware sched-
uler to select efficient execution order for block groups. Specifically,
we apply tabular Q-learning [2] offline on representative block-
sparse patterns collected from commonly used sparse attention
mechanisms [3, 5, 12, 27, 46, 52]. During offline training, Q-learning
explores different execution orders under the visited block set V;
and the shared memory cache state M;, and updates the state-
action values according to the reuse reward. The learned Q-table
captures how scheduling decisions affect both immediate operand
reuse and future shared memory states.

After offline training, we use the learned policy to generate
execution orders for frequently occurring block-group patterns
and store the results in a pattern-to-order table. At runtime, Ziggs
canonicalizes the sparse pattern of each block group and queries this
table. If a matching pattern is found, Ziggs directly uses the stored
execution order, avoiding online Q-learning during inference.

For block-group patterns not covered by the table, Ziggs invokes
the frequency-based heuristic illustrated in Figure 4 as a lightweight
fallback. The heuristic prioritizes the most frequent row to capture
Q reuse and then orders the remaining blocks to improve column
locality for KT /V reuse. Once an unseen pattern is scheduled, Ziggs
inserts the generated order into a runtime scheduling cache, so
repeated occurrences of the same pattern can reuse the cached
order directly. The runtime table contains about 50K canonical
block-group patterns and occupies 20 MB. It covers over 90% of
groups for static patterns and 50-70% for dynamic patterns, while
the remaining groups use the heuristic fallback. The temporary
Q-table is constructed separately for each pattern, and only the best
learned order is retained after offline training.

3.2 Preprocessing Overhead

Although Ziggs introduces a preprocessing stage before kernel
execution, its runtime overhead remains manageable because the
block-scheduling optimization is largely removed from the infer-
ence critical path. Since the Q-learning procedure is performed of-
fline, runtime scheduling for common block-group patterns only re-
quires canonicalizing each sparse pattern and querying the pattern-
to-order table. These operations are lightweight compared with
the subsequent attention computation, especially because the table
stores only compact block execution orders rather than dense data
structures.

The remaining runtime cost comes from block-group patterns
not found in the pattern-to-order table. For these unseen patterns,
Ziggs applies the reuse-aware heuristic only within each clustered
block group, rather than over the entire sparse attention matrix.
Since clustering has already grouped blocks with related row and
column indices, the heuristic efficiently orders blocks based on row
frequency and column locality to capture dominant reuse opportu-
nities. This design avoids iterative learning or global optimization
during inference while preserving most inter-block reuse opportu-
nities. Once an unseen pattern is scheduled, Ziggs stores the gen-
erated order in a runtime scheduling cache, so repeated patterns
can directly reuse the cached order. The reported preprocessing
time includes block grouping, canonicalization, table lookup, and
heuristic fallback when needed, and is measured after the sparse
attention pattern has been generated.
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Figure 5: Preprocessing overhead and ratio for a single layer
across different models and sparse patterns on an A100 GPU.

As shown in Figure 5, preprocessing accounts for less than 6%
of the overall runtime in most cases. Moreover, as sequence length
and model size increase, attention computation grows faster than
the preprocessing cost, making the relative overhead even smaller.
This trend shows that Ziggs’ scheduling pipeline scales well for
long-sequence Transformer workloads, where reducing redundant
global memory traffic dominates the small preprocessing cost. This
also indicates that the scheduling cost is effectively amortized as
the attention workload grows.

4 Implementation on GPU Kernels

Section 3 transforms block-sparse attention into reuse-aware block
groups with explicit metadata. Based on this representation, we next
describe how the resulting scheduling and metadata are mapped
to efficient GPU kernels, enabling lightweight runtime control and
coordinated shared memory management.

4.1 Reuse-aware Execution with reuse_flg

To enable efficient GPU execution, Ziggs encodes the scheduling
results into a compact metadata array, denoted as reuse_fIg. The
blocks in each group are processed according to the execution
order obtained from the pattern-to-order table or generated by
the runtime heuristic. For each scheduled block, Ziggs assigns a
reuse_flg based on the shared memory cache state induced by
this order. Specifically, for a block (r, ¢), reuse of Q is enabled if
the required Q, block is still resident in the LRU-like cache after
previous block computations. Similarly, reuse of KT /V is enabled if
the required K7 /V, block is resident in the cache. If either operand
is not resident, it is loaded from global memory and the cache state
is updated accordingly.

Based on the cache state before each block is executed, Ziggs as-
signs one of four flags: reuse_flg = 0 for Q reuse only, reuse_flg =
1 for reuse of both Q and K7 /V, reuse_flg = 2 for KT /V reuse only,
and reuse_flg = 3 for no reuse. During kernel execution, reuse_flg
reduces reuse decisions to simple integer checks. Each thread block
either reuses the required operands from shared memory or loads
the missing operands from global memory.

Ziggs also records row_reuse to better support SpMM. After the
execution order is determined, Ziggs selects the most frequent rows
in each block group as row_reuse. This metadata is independent of
LRU-based operand reuse and identifies output rows whose partial
sums are accumulated locally before the final writeback in SpMM.
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Figure 6: Running example of reuse-aware SDDMM execu-
tion. Ziggs uses the scheduled order and reuse_fIg to guide
Q/KT loading, reuse, and LRU-like cache updates.

4.2 Block-sparse SDDMM

Figure 6 illustrates how reuse_flg guides the block-sparse SDDMM
kernel using a running example. Each thread block processes one
scheduled block group and computes one dense output block S, . =
Q,KCT at a time. Before each block multiplication, the kernel checks
the corresponding reuse_flg value to decide whether the required
Q, and K operands should be fetched from the shared memory
cache or loaded from global memory.

The green box in Figure 6 shows a case where reuse_flg =
0, corresponding to Q reuse only. For block B(0,0), the kernel
reuses Qo from the shared memory cache and loads the required
column operand K from global memory. It then computes the
dense block multiplication Spo = QoK and refreshes the LRU-like
cache state according to this access. In this way, the kernel avoids
recomputing reuse conditions at runtime and only performs the
data movement already encoded by the scheduler. The orange box
shows a full-reuse case where reuse_flg = 1. For block B(1, 1), the
kernel directly obtains both Q; and KT from the shared memory
cache and computes S;; = Q; K] without issuing additional global
loads for either operand. After each block is processed, reused
operands are refreshed, newly loaded operands are inserted, and
the least recently used operand is evicted when the cache is full.
This cache evolution allows later blocks to reuse operands that
remain useful for subsequent computations.

Figure 7 further shows how this execution model is applied to
representative block-sparse attention patterns. After clustering,
nonzero blocks with reuse potential are assigned to the same block
group, and each colored group is mapped to one GPU thread block.
The dashed arrows indicate the execution order produced by Ziggs
within each block group, showing how the thread block traverses
its assigned sparse blocks to exploit local shared memory reuse.

After the required operands are available in shared memory,
threads collaboratively compute the dense block multiplication.
In the CUDA-Core implementation, warps load tiles of Q, and
KCT from shared memory, accumulate partial results in registers,
and write the resulting S, . block back to global memory. To fur-
ther improve performance, we adopt double buffering to overlap
memory movement with computation. While the current tile is
being processed, data for the next tile can be prefetched into shared
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Figure 7: Block-group execution for representative block-
sparse attention patterns. Blocks with the same color are
mapped to the same GPU thread block, and numbered arrows
show the scheduled order within each group.

memory using vectorized asynchronous copy instructions such as
LDGSTS. 128, improving global-to-shared memory efficiency. For
the Tensor-Core implementation, the same reuse-aware schedule is
preserved, while dense block multiplication is mapped to warp-level
mma.sync.aligned.m16n8k8 instructions. Thus, both implementa-
tions share the same cache-aware execution path but use different
compute primitives to match the target GPU execution units.

4.3 Block-sparse SpMM

Algorithm 1 presents the pseudocode of our block-sparse SpMM
kernel. Compared with SDDMM, SpMM has two distinct character-
istics. First, the sparse attention block P, is consumed only once
for the current output update and therefore does not provide reuse
opportunity. Second, multiple blocks with the same row index con-
tribute partial sums to the same output row O,. If each block result
is immediately written back to global memory, these partial sums
repeatedly update the same output row, causing frequent global
memory writes and atomic operations.

In Ziggs, the reuse_flg metadata is used to control the reuse of
V.. Since the column index ¢ corresponds to both K7 in SDDMM
and V. in SpMM, the same schedule-derived reuse information
can be reused in both kernels. In particular, reuse_flg = 1 and
reuse_flg = 2 indicate that the column operand is resident in the
shared memory cache, so the SpMM kernel obtains V. through
GetSmem. Otherwise, the required V, block is loaded from global
memory through LoadSmem. After each access, the value cache
is refreshed to reflect the current use, so that later blocks in the
execution order can reuse recently accessed V blocks.

Unlike SDDMM, SpMM does not need to cache P across block
computations. Each P, . block is loaded for the current multiplica-
tion and then discarded. This allows the kernel to dedicate more
on-chip storage to the value cache and to local output accumula-
tion. To reduce repeated output updates, Ziggs uses the auxiliary
row_reuse metadata. After the execution order is determined, Ziggs
selects the most frequently occurring rows within each block group
as row_reuse. During execution, the kernel checks whether the
current row r belongs to row_reuse. If so, the partial result P, .V, is
accumulated into the local buffer inter_res instead of being immedi-
ately written back to global memory. If the row is not in row_reuse,
the result is directly committed using atomicAdd.
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Algorithm 1: Pseudocode of block-sparse SpMM
Input: P, V, row_idx, col_idx, reuse_flg, row_reuse
Output: O

1 __shared__ p_sm,u_sm // Shared memory

inter_res[] =0 // Local accumulation buffer

)

@

for bid in range(n_blocks)

4 r =row_idx|[bid], ¢ = col_idx[bid]

5 reuse_id = row_reuse.indexing(r)

6 p_sm = LoadSmem(P, bid)

7 if reuse_flg[bid] == 1 or reuse_flg[bid] == 2
8 ‘ v_sm = GetSmem(smem_cache,V,c)
9 else

10 ‘ v_sm = LoadSmem(smem_cache, V, c)
1 Refresh(smem_cache,v_sm)

12 res = p_sm*uv_sm

13 if reuse_id # —1

14 ‘ inter_res|[reuse_id]+ = res

15 else

16 ‘ atomicAdd(O[r], res)

17 atomicAdd(O[row_reuse], inter_res)

— # of blocks —— — # of blocks —
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Figure 8: Comparison between row-wise grouping and our
balanced grouping strategy. The numbers in each block indi-
cate the corresponding column blocks. Each color represents
blocks sharing the same row.

After all blocks in the group have been processed, the accumu-
lated partial sums in inter_res are written back to the correspond-
ing output rows in a single step. This design reduces redundant
memory loads through V reuse and separately reduces irregular
output updates through row-aware local accumulation. As a result,
the SpMM kernel preserves the same cache-aware execution order
as SDDMM while addressing the additional write-side bottleneck
introduced by sparse output accumulation.

4.4 Kernel Fusion

For long-sequence inputs, materializing the attention matrix in-
curs substantial memory overhead. To avoid this cost, attention
computation is often implemented using fused kernels that com-
bine SDDMM, softmax, and SpMM, eliminating the need to ma-
terialize intermediate attention scores [36]. Following the design
of FlashAttention-2 [11], recent block-sparse fused attention im-
plementations, such as Block-Sparse Attention [20] and FlexAt-
tention [13], adopt a row-wise execution strategy in which blocks
sharing the same row indices are assigned to the same thread block,
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Table 1: Parameters of attention models with widely adopted
Transformer architectures in our experiments.

Model Name seq_len  Niayers dmodel Mheads
GPT-2 Large [43] 1024 36 1280 20
GPT-3 6.7B [4] 2048 32 4096 32
Yi 6B [51] 4096 32 4096 32
LLaMA 3 70B [17] 8192 80 8192 64

allowing intermediate results to be retained locally throughout the
fused computation.

However, this row-wise execution can lead to severe workload
imbalance under skewed sparse patterns. As illustrated in Fig-
ure 8(a), different row groups may contain highly varying numbers
of blocks, causing some thread blocks to process many blocks while
others remain underutilized. Moreover, this imbalance cannot be
addressed by arbitrarily repartitioning large row groups, because in
fused kernels all blocks belonging to the same row group must be
processed by the same thread block. These blocks share the same
softmax normalization and output accumulation for that row, and
splitting them across multiple thread blocks would require addi-
tional synchronization and intermediate writes to global memory,
thereby breaking the intended fused execution flow.

To address this issue, our reuse-aware framework operates as a
row-aware scheduling procedure under the fusion constraint, keep-
ing each row group intact while merging two small row groups into
the same block group whenever possible, as shown in Figure 8(b).
Each block group is then assigned to a single thread block. During
execution, the thread block maintains in shared memory the Q
blocks corresponding to the two rows, together with the softmax
normalization statistics, thereby preserving the correctness of fused
execution since each row group still performs its own softmax nor-
malization and output accumulation. At the same time, placing
two row groups in the same block group also creates additional
inter-block reuse opportunities, allowing the loaded K /V data to
be reused across row groups. As a result, this design simultaneously
ensures correct fused execution, better load balance, and reduced
global memory accesses.

5 Experiment

5.1 Experimental Setup

Dataset: We evaluate Ziggs on three widely used standard bench-
marks for Transformer models with long-context dependencies:
WikiText-103 [35], EnWiki8 [34], and PG-19 [44].

Models and Configurations: Our experiments are conducted on six

representative block-sparse attention patterns: Reformer [27], But-
terfly [5], and Routing [46], which are introduced earlier, as well as
Longformer [3], BigBird [52], and LongNet [12] to demonstrate the
generality of our method. To demonstrate the scalability of Ziggs,
we evaluate it using model configurations consistent with widely
adopted Transformer architectures (Table 1). Kernel performance
is profiled with Nsight Compute and averaged over 50 runs. We
also validate Ziggs against the original block-sparse computation
and observe numerical equivalence within a tolerance of 1073,
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Baselines: We compare Ziggs with the following dense and sparse
implementations on GPUs:

e PyTorch [41] Dense/Sparse (PyDen/PySp): dense attention uses
torch.matmul for end-to-end comparison, while sparse attention
uses gathered block-wise einsum.

e cuSPARSE (cuSp) [39]: a highly optimized library released by
NVIDIA for sparse operations, including SDDMM and SpMM.

e xFormers [28]: a Triton-based library for block-sparse attention.

e RoDe [40]: a row-wise decomposition strategy that restructures
sparse matrix multiplications.

o FlashSparse [48]: an optimized sparse operations framework for
SpMM and SDDMM on Tensor Cores.

o Block-Sparse Attention (BSAttn) [20]: a block-sparse implemen-
tation of FlashAttention-2 [11] released by MIT Han Lab.

o FlexAttention (FlexAttn) [13]: a compiler-driven fused block-
sparse implementation integrated into PyTorch by Meta.

e Triton-based implementation: a fused block-sparse attention ker-
nel implemented in Triton [49].

For each comparison, all applicable methods are evaluated under

the same sparsity patterns and hardware settings. Figures 9-11
include only baselines compatible with the corresponding CUDA
Core or Tensor Core execution paths.
Platform and Settings: All experiments are conducted on two GPU
servers in the UIUC NCSA Delta cluster. One server is equipped
with two AMD EPYC 7763 CPUs @ 2.45 GHz, 2 TB RAM, and four
NVIDIA A100 GPUs. The other server is equipped with two Intel
Xeon Platinum 8558 CPUs @ 2.1 GHz, 2 TB RAM, and eight NVIDIA
H200 GPUs. The operating systems are both Red Hat Enterprise
Linux 8.8. Our CUDA code is compiled with the CUDA 12.8 toolkit
and NVCC V12.8.93.

5.2 Performance Comparison

5.2.1 Throughput. We evaluate the throughput of Ziggs against
several baselines using both CUDA-core and Tensor-core implemen-
tations. As shown in Figures 9 and 10, Ziggs consistently achieves
the highest throughput, with the CUDA-core implementation eval-
uated on A100 and the Tensor-core implementation evaluated on
H200. Compared with xFormers, our method achieves 1.18X-2.05%
higher throughput. It delivers 1.45xX-3.58X speedup over RoDe,
1.34x-2.16X over FlashSparse, 3.03X-14.41X over cuSPARSE, and
up to 6.33% over the PyTorch sparse baseline.

These performance gains stem from explicitly exploiting inter-
block data reuse, which enables Q, KT, and V blocks to be reused
across both SDDMM and SpMM phases. This significantly reduces
redundant global memory accesses and lowers overall memory
traffic, the dominant bottleneck in sparse attention.

In contrast, xFormers achieves strong performance on both
CUDA and Tensor Cores but does not exploit inter-block reuse,
leading to redundant memory loads and limited GPU utilization due
to independent block execution. RoDe and cuSPARSE are primarily
optimized for highly sparse regimes and CSR-based computation,
and their efficiency degrades when sparsity is moderate or block
density increases. FlashSparse effectively leverages Tensor Cores
for block-sparse computation, but similarly lacks inter-block reuse
and thus cannot eliminate redundant memory traffic.
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Table 2: Global memory traffic comparison with xFormers
using CUDA Cores on an A100 GPU.

SDDMM SpMM Reduction (X)
Models Ziggs  xFormers  Ziggs  xFormers SDDMM SpMM
Routing
GPT-2 Large 14.6M 17.3M 11.2M 13.3M 1.18 1.19
GPT-3 6.7B 165.5M 202.2M 168.1M 201.7M 1.22 1.2
Yi 6B 531.7M 717.3M 522.1M 710.7M 135 1.36
LLaMA 3 70B 3.82G 5.17G 3.97G 5.11G 135 1.29
Reformer
GPT-2 Large 15.8M 20.1IM 11.7M 14.5M 1.27 1.24
GPT-3 6.7B 215.6M 279.9M 191.5M 254.3M 13 1.33
Yi 6B 613.7M 886.5M 602.2M 868.4M 1.44 1.44
LLaMA 3 70B 4.75G 6.67G 4.83G 6.71G 1.4 1.39
Butterfly
GPT-2 Large 14.8M 18.7M 11.5M 13.9M 1.26 1.21
GPT-3 6.7B 192.4M 251.2M 178.7M 232.2M 13 13
Yi 6B 584.5M 811.1M 577.3M 802.2M 1.39 1.39
LLaMA 3 70B 4.52G 6.11G 4.4G 6.06G 135 1.38

Figure 11 further demonstrates the generality of our method
across diverse sparse attention patterns, including Longformer, Big-
Bird, and LongNet, evaluated on A100 Tensor Cores. Despite their
different sparsity structures, our method consistently outperforms
all baselines. Additional experiments across a wider range of con-
figurations show similar trends. Overall, by combining reuse-aware
block scheduling with optimized GPU kernels, our method amor-
tizes memory loads across multiple blocks, increases arithmetic
intensity, and achieves best-in-class performance on modern GPUs.

5.2.2  Global Memory Traffic. To quantify the effectiveness of inter-
block data reuse, we evaluate its impact on memory traffic. Table 2
compares our method with a representative xFormers implemen-
tation on the PG-19 dataset using CUDA Cores on an A100 GPU.
We choose xFormers as a conservative baseline, as other sparse
attention methods follow similar or less optimized memory access
patterns and do not exploit inter-block reuse, resulting in compa-
rable or higher memory traffic. Since our preprocessing is shared
across CUDA Core and Tensor Core implementations, the observed
memory traffic reduction is consistent across execution modes and
GPU architectures, including A100 and H200.

As shown in Table 2, our method reduces memory traffic by
1.18-1.44x compared to xFormers. This reduction stems from elim-
inating redundant loads of identical Q, KT, and V blocks across
sparse computations. By grouping blocks based on similarity, our
method improves temporal locality and amortizes memory accesses
across multiple block operations. In contrast, existing implementa-
tions process blocks largely in isolation, leading to repeated memory
accesses even when blocks share rows or columns.

By reducing redundant memory loads, Ziggs alleviates band-
width pressure and improves throughput across diverse configura-
tions and hardware platforms. The reduction is especially impor-
tant for larger models and longer sequences, where the number of
nonzero blocks increases and repeated accesses to the same Q, K T
and V blocks become more frequent. Since these redundant accesses
are removed before kernel execution through scheduling-guided
metadata, the traffic reduction directly translates into higher effec-
tive bandwidth utilization during sparse attention computation.
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5.2.3 End-to-end Performance. To assess the benefits of Ziggs, we
measure the end-to-end performance of the aforementioned models
under a batch size of 4, as shown in Figure 12. During the prefill
stage, fully connected layers are evaluated in bf16, while the softmax
layer uses float precision. Under this setting, Ziggs achieves a 1.61—
3.15% speedup over the PyTorch dense baseline. These results show
that accelerating block-sparse attention can reduce end-to-end la-
tency in realistic inference pipelines, where attention is invoked
repeatedly across many layers and heads.

The end-to-end gain is lower than the standalone kernel speedup
because attention is only one component of the full inference
pipeline. Other operations, including projections, normalization,
softmax, layout transformations, and framework overhead, remain
unchanged. Thus, even though Ziggs accelerates both SDDMM
and SpMM, the overall speedup is bounded by the remaining non-
optimized components. This effect is more visible on Tensor Cores:
after matrix multiplications are accelerated, surrounding memory-
bound operations such as softmax occupy a larger fraction of the
total inference runtime.

Overall, these results complement the kernel-level throughput
and memory-traffic measurements. The standalone results show
that Ziggs reduces redundant global memory accesses inside SD-
DMM and SpMM, while the end-to-end results show that these
improvements remain visible after integration into complete Trans-
former inference. This confirms that inter-block reuse is not only a
kernel-level optimization, but also an effective system-level tech-
nique for practical block-sparse Transformer execution.

5.24 Performance on Long Sequences. Figure 13 presents the end-
to-end performance of our fused kernel on an A100 GPU, normal-
ized to the Block-Sparse Attention (BSAttn) baseline. We compare
against FlexAttention and Triton-based implementations across
three sparsity patterns: Butterfly, Routing, and Reformer. All exper-
iments are conducted with a head dimension of 32, while varying
the sequence length (131K-1M) and the number of attention heads.

Overall, Ziggs consistently outperforms all baselines across a
wide range of sequence lengths and attention head configurations.
The improvement becomes more pronounced as sequence length
increases, reaching up to 1.78% speedup for the Reformer pattern.
This trend highlights the effectiveness of reuse-aware scheduling
in long-context attention: longer sequences create more nonzero
blocks, which expose more repeated accesses to the same Q, K7,
and V operands. By scheduling blocks with row or column locality
close together, Ziggs amortizes these repeated loads and reduces
memory traffic, which becomes the dominant bottleneck at long
sequence lengths. In contrast, Triton-based implementations often
underperform relative to BSAttn due to inefficient sparse indexing
and limited pipeline optimization, which lead to irregular memory
accesses and higher overall memory traffic. FlexAttention achieves
moderate improvements but remains consistently below Ziggs, as
it does not exploit inter-block data reuse across blocks.

We further observe that the magnitude of improvement varies
across sparsity patterns. Ziggs achieves the largest gains on Re-
former and Butterfly patterns, where blocks exhibit higher overlap
in row or column indices, enabling effective reuse of Q, K T and
V. In comparison, Routing patterns provide fewer reuse opportuni-
ties due to their more irregular connectivity, leading to relatively
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Figure 13: End-to-end performance comparison on an A100
GPU with long sequence length, normalized to the Block-
Sparse Attention.

smaller speedups. Finally, we note that increasing the number of at-
tention heads reduces the per-head workload and limits the amount
of reusable data within each block group, which slightly diminishes
the relative performance gains. Nevertheless, Ziggs consistently
maintains superior performance across all configurations.
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5.3 Effects of Parameters on Performance

Following prior block-sparse attention work, we evaluate block
sizes of 16, 32, and 64, which provide a practical balance between
sparsity granularity and model accuracy. We evaluate the impact
of two key parameters in Ziggs: block size and npjocks. These two
parameters respectively control the computation granularity of
dense block multiplication and the group size used in reuse-aware
scheduling. Both directly affect the trade-off between data reuse,
memory efficiency, and GPU parallelism.

Block size. Figure 14 shows the performance of SDDMM and
SpMM under different block sizes. Increasing the block size from 16
to 32 significantly improves throughput, as larger blocks provide
higher arithmetic intensity, better amortization of memory accesses,
and more efficient use of GPU execution units. However, the per-
formance gain becomes marginal when the block size is further
increased to 64. Although larger blocks expose more computation
per memory access, they also increase shared memory usage and
register pressure, which in turn reduce SM occupancy and limit
parallelism. As a result, excessively large blocks do not translate
into proportional performance gains. Overall, these results suggest
that a moderate block size, such as 32, provides the best balance
between computational efficiency and hardware utilization.

Effect of npjocks. Figure 15 illustrates the effect of varying npjocks»
which controls the maximum number of blocks in each reuse-aware
group. Larger npjocks €xposes more inter-block reuse by allowing
more blocks to be scheduled together, but it also reduces the number
of independent GPU work units and may increase synchronization
or write contention in SpMM. As shown in the figure, short se-
quences benefit less from larger groups because the limited reuse
opportunity cannot compensate for the reduced parallelism. For
longer sequences, performance first improves as npjocks increases,
but eventually degrades once the loss of parallelism and schedul-
ing overhead outweighs the additional reuse. Therefore, Ziggs sets
Nplocks from 8 to 12, which provides a practical balance between
data reuse and GPU parallelism.

5.4 Effectiveness of Block Scheduling

We evaluate the effectiveness of the proposed block scheduling strat-
egy by comparing three scheduling methods on an A100 GPU: (i)
No reuse, (ii) Heuristic, which uses high-frequency row selection
and column-aware ordering to capture dominant reuse patterns,
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and (iii) Ziggs, which uses an offline Q-learning scheduler to build
a pattern-to-order lookup table for frequently occurring patterns
and falls back to the heuristic for patterns not covered by the table.
All three methods use the same block grouping, so the comparison
isolates the effect of block scheduling.

Figure 16a compares the normalized memory access cost of the
three scheduling strategies. Compared with No reuse, the heuristic
strategy already achieves a substantial reduction in memory cost,
lowering it to around 75% on average by exploiting dominant row
and column reuse opportunities. Ziggs further reduces the average
normalized memory cost to about 70%, showing that the offline
learned pattern-to-order table can select better execution orders
than the heuristic-only strategy for common block group patterns.
This result indicates that effective inter-block reuse requires more
than locally favorable row or column locality.

Figure 16b shows the normalized runtime together with the
preprocessing overhead ratio. The heuristic strategy reduces nor-
malized runtime to about 72% — 75%, while Ziggs further lowers it
to around 68% — 70%. At the same time, the preprocessing ratio de-
creases from 5.72%—6.55% for the heuristic strategy to 4.23%—4.66%
for Ziggs, showing that the learned pattern-to-order table not only
improves the execution order but also reduces runtime scheduling
overhead. Therefore, Ziggs consistently achieves lower total run-
time than the heuristic-only strategy across all sparse patterns. For
training patterns where exhaustive search is tractable, the MDP
schedules achieve the same minimum memory-access count as the
brute-force optimum, although the exact orders may differ when
multiple optimal schedules exist. We observe similar scheduling
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trends on the other evaluated models and report LLaMA 3 here due
to space constraints.

6 Related Work

Efficient Transformers. There are several approaches [7, 9, 11, 18]
that have been proposed to simplify the Transformer model for
efficient training. The most widely studied is attention score ma-
trix sparsification. Child et al. [7] introduced sparse transformer
by choosing some local and strided attention patterns to reduce
computational and memory overhead while allowing models to
capture long-range dependencies. Adaptive Sparse Transformer
[9] dynamically prunes or allocates the connections of attention
score based on content information for higher accuracy, rather than
relying on a fixed pattern. FlashAttention-2 [11] is an optimized
implementation of the attention mechanism that reduces memory
usage and improves GPU throughput. It is particularly effective
for long sequences and high-dimensional inputs. nmSPARSE [30]
proposes an N:M block-sparse format to better support GPU accel-
eration, but it is limited to N:M sparsity and cannot be applied to
dynamic block-sparse patterns. DeepSpeed [45] introduces viable
sparse patterns but it still lacks inter-block data reuse. xFormers
[28] supports block-diagonal and sliding-window sparse attention,
which lacks the inter-block data reuse.

Fused Sparse Attention and Tensor Core Kernels. Recent block-
sparse attention implementations improve performance through
kernel fusion and specialized GPU execution. Block-Sparse Atten-
tion [20] and FlexAttention [13] fuse attention operations to reduce
intermediate data movement, while FlashSparse [48] accelerates
sparse SDDMM and SpMM using Tensor Cores. These methods
mainly optimize fusion and intra-kernel execution, whereas Ziggs
focuses on inter-block data reuse through cache-aware scheduling.
Sparse Matrix Operations. Many studies [22, 29, 39, 49] have
focused on optimizing the internal data layout of individual blocks
to align with the memory hierarchy for achieving optimal perfor-
mance. They employ common CUDA kernel optimization tech-
niques to enhance computation within each block. For instance,
tiling [22, 38] is used to improve data locality, and coalesced memory
access is applied to reduce global memory access overhead. Sput-
nik [15] proposed the reverse offset memory alignment (ROMA)
technique for regularizing sparse rows to enable vector memory
instructions, along with the row swizzle technique for load balanc-
ing on GPUs. Additionally, techniques such as double buffering
[29, 38] are utilized to overlap data loading and computation, and
vectorized memory operations [37, 38] are implemented to reduce
the number of instructions executed within the kernel. While these
optimizations have proven effective in many scenarios, they still
face bottlenecks when applied to block-sparse Transformers.

7 Conclusion

In this work, we present Ziggs, a reuse-aware framework for accel-
erating block-sparse Transformers on GPUs. Ziggs combines offline
reuse-aware block scheduling, lightweight metadata encoding, and
optimized SDDMM/SpMM Kkernels to systematically expose and
exploit inter-block reuse in sparse attention. By storing common
execution orders in a pattern-to-order table and using a lightweight
heuristic fallback for unseen patterns, Ziggs reduces redundant
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memory accesses while preserving GPU parallelism and maintain-
ing low runtime overhead. Experimental results show that Ziggs
achieves up to 2.05x throughput improvement and reduces global
memory traffic by up to 1.44X over state-of-the-art block-sparse at-
tention baselines, while delivering 1.61-3.15X end-to-end speedup
over PyTorch.
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