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TL;DR m Method: AttnGate for Sparse Decoding B Accuracy vs. Token Budget
SeerAttention-R is a lightweight, plug-in sparse-attention framework for the long decoding phase of reasoning LLMs. Q K Vv Q K v _
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= Auto-regressive decoding is memory-bound: per-token cost grows linearly, total cost grows quadratically with length. % Flash-Attn (Prefill) % Flash Decodin ot ] L | S —
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E? &) ——- Dense Baseline ——- Dense Baseline ——- Dense Baseline —-—- Dense Baseline * Pre-RoPE gate inputs, RoPE re-applied inside the gate with per-block position. = On MATH-500 & GPQA-Diamond: SeerAttention-R matches dense at 2K; Quest needs ~8K.
0~ . . T r T T . . . . . T T T T = Base model frozen — AttnGate is the only trainable component. * Larger models are more robust to sparsity — gap closes fastest on 14B.
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* AttnGate for sparse decoding: drop query pooling; add GQA-aware query aggregation & 3-way (Max/Min/Avg) key  Return.9, 647 - -~ : =2 ;: 1 | ] :/
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* Block-sparse flash-decoding kernel (TileLang + Triton) — up to 9x over FA3, 1.7x over Triton on H100. =  Ground truth: column-wise 1D max-pool of the true attention map, then max-pool within each GQA group, then row-normalized. === NilefangiSparse ==/ Wifon:Sparse: === FA3‘Baseline

* Consistently beats Quest across Qwen3-4B/8B/14B and R1-Distill-14B on AIME24/25, MATH-500, and GPQA-Diamond. = Loss: KL divergence between gate softmax and ground truth.
= FlashAttention-2 fused kernel emits ground truth alongside the attention output — avoids materializing the full QK.

= Setup: OpenR1-MATH-220K, seq-len 32K, 800 steps, batch 16, LR le-3, MI300x, DeepSpeed ZeRO-2 — only gate weights updated, ~0.4B
tokens.

= TileLang beats both Triton and FlashAttention-3. 1.7x over Triton; gains scale with seq-len & batch size.
Up to 9x over FA3 at 90% sparsity (bs=16, seq>32K) — near |/O bound.
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