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Table 1: Task Performance on RULER. Best results in sparse attention are bolded.
POO“ng, i*ﬁj’ﬂ”%#& Stage 19.6 *%}g Method | SGI SG2 SG3 MKl MK2 MK3 MV MQ VT CWE FWE QAl QA2 | Aw.

FULLATTN | 100.00 100.00 100.00 96.00 94.00 92.00 82.00 9850 9320 44.40 91.33 48.00 56.00 | 84.26
SHORT+YARN 98.00 68.00 5000 4600 6.00 0.00 3200 3150 3600 2140 87.33 26.00 26.00 | 40.63
° \|47 H ‘SIE 2 :l: INFLLM 98.00 600  4.00 10.00 10.00 1000 9.00 7.50 70.00 16.00 80.67 18.00 24.00 | 27.94
5§ y ttn 18] Op— ] F A j:_ MINFERENCE 100.00 100.00 100.00 76.00 36.00 46.00 79.50 93.50 88.00 64.20 92.67 32.00 44.00 | 73.22
NSA 100.00 8800 8200 5400 38.00 30.00 59.00 61.50 56.00 3440 86.00 56.00 34.00 | 59.92
INFLLM-V?2 (SPARSE)
/\\ > " = 75 wl LSE Approx 100.00 100.00 100.00 94.00 82.00 62.00 98.50 94.50 98.00 5040 82.67 72.00 40.00 | 82.62
| erne 'L ITE =X wlo LSE Approx 100.00 100.00 100.00 92.00 80.00 64.00 98.50 9550 98.00 47.80 81.33 70.00 40.00 | 82.09
INFLLM-V2 (DENSE) | 100.00 100.00 100.00 94.00 98.00 98.00 99.00 98.00 9840 52.80 90.00 76.00 44.00 | 88.32

- ANIMHREED: EKSMH%??@?MII%EP@%
InfLLMv21)I|4k, 8BAREY{XFE5B tokenBF] T ik St Eoe par S

FULLATTN | 86.00 37.50 30.63 3067  29.14 | 4279

« 7 . 1z EE AZ IR EE AZ \EAL—, NSA 83.80 28.75 2354 2515  25.14 | 37.28
p 3 . N /7|( /|_,\ Be101 InfLLM-V2 (Sparse) | 87.80 38.33 2938 2994 2783 | 4266
InfLLM-V2 (Dense) 86.40 36.67 2333 2994 2629 | 40.53
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InfLLM-V2: Dense-Sparse Switchable Attention for Seamless Short-to-Long Adaptation (ICLR 2026)
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Figure 4: Memory Statistics vs. Task Performance. The red lines correspond to the theoretical size of the
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° T 82 Y M I—P ’ L I > -If | ZI \ Table 4: Executing R.PassKey on an NVIDIA 4090. “tok/s” represents the inference speed, “C.Len” stands

for the context length after truncation, and “Acc.” represents task accuracy. The highest score among 128K

context is marked in bold.
d Eﬁu )\ KVY:I' EHU |I:I:I| E g |‘$/ T & (attn o) *& H’J 1E -L-|_) Method | FuLLATTN  INFLLM  HF-2BITs SIRLLM  MINFERENCE Locret | HF-2BITS"

Phi-3- tok/st - 2276.38 - 2352.20 - 5080.85 1098.51 4099.92

. N Al mini-128K C.Len.t 128K 128K 128K 128K 128K 128K 30K 14K
° -LZ 7‘3— \£ m al ﬁﬁ %U Ay llﬁ'ﬁ j;& IE Ai{m 00M 08 ooM oo 00OM 100.00 |  0.00 13.56
/ I , / tok /st - 87.66 136551 158975 3209.10 | 3680.06
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Locret: Enhancing Eviction in Long-Context LLM Inference with Trained Retaining Heads on Consumer-Grade Devices (TMLR 2025)
APB: Accelerating Distributed Long-Context Inference by Passing Compressed Context Blocks across GPUs (ACL 2025)
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Table 2: Task Performance on LongBench and LongPPL. Best results in sparse attention are bolded.
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LongBench 1 42.30 37.86 32.30 41.55 37.10 42.54 42.49
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Long-Context Generalization with Sparse Attention (ICLR 2026)
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EntmaxfE =Y . H? (entmax(z; «))
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o MRS FRIABESNAFFET1ESTAttention n—o0 logn
Table 4: Retrieval performance on RULER benchmark. All models use NAPE positional encoding

. T:E 'I:/( }g gl\jﬁ J: E ﬁ E w E,\] % I)I_IL' . %ZIJ: );% T D i S pe rS i O n |\|:T-I ;E@ and were trained on 2048-token contexts. Best results are in bold.

S-NIAH-1 (ID) S-NIAH-1(O0OD) S-NIAH-2 (ID) S-NIAH-2(OOD)

° j:IEE{#E&}E"]iJ”z#\*%E Model IK 2K 4K 8K 16K 1K 2K 4K 8K

Softmax 100.0 994 942 114 08 1000 1000 438 0.0
SSMax 1000 998 992 920 752 994 992 644 14.8
Entmax 99.8  99.8

. RN FEEIIER TS R R R ASEwmax 096 1000 1000 95 974 %04 994 832 254

. —FMEEE: {EHFenchel-YoungHiEF &gt KN 0*(z)= sup {p'z—Q(p)}
L(0;y) = Qy) +Q°(0) — 07y Q) + Q*(8) > 0Ty

« mMUABERHT 0 c 00 (y) DR RERSERET —TRFINFEI

Long-Context Generalization with Sparse Attention (ICLR 2026)
Learning with Fenchel-Young Losses (JMLR 2020)
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