PLASH: Provably Linear-Time Attention with Selective Higher-Order Feature Sketching
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Softmax attention compares every query with every key.
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Attention-layer time: quadratic vs. linear Fastest of eight methods at 32K tokens
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Language modeling at long context
The idea: route N keys through M/ < N prototypes Guarantees EMA loss, lower is better
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0 O Sizing rule: the sketch error stays under control Q Per input, without labels. The bound 6 uses only quantities from the forward pass.
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& With these sketch sizes, one bound covers the sketched features of all M prototypes and all degrees, with the output change at protected positions stays below 3.24 x 107°, the bf16 noise level.
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L nairs: Of N2 M prototypes: O(N - 1) . . Forecasting (L. = 336): lower MSE on all four datasets
all pairs: O(N7) P ypes: Linear time and memory Mean squared error (MSE), lower is better
Keys and values are compressed to M learned prototypes and enriched once; every query then reads out the Fixed head dimensions and sketch sizes; self- and cross-attention . o . 1.001
Srototypes with exact softmax. O of 35,058 real test inputs stay within their bound B Standard attention 0.853
O ((Nq —+ Nk) - /\4 ) O (NC] : Nk) o zero violations on four forecasting datasets 075 Il PLASH (ours)
PLASH: time and peak memory softmax attention: time | 0.632 0421
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Long-context LLMs Time-series forecastlng Randomness in one stage onl The sketch makes the certificate possible 0323
up to 32K tokens on Qwen3-4B [2] ETT [7], ECL, and Weather = y ETTm1 forecasting MSE; Stage Il replaced by an equal-capacity MLP 095l B 0.279 0.272
PLASH: one random stage, exact readout, per-input certificate 0.760 0. 89 3 .._
Long-document QA and RAG Trustworthy inference ‘ O PLASH with TensorSketch TensorSketch — MLP 0 WTL cTTh1 ETTh? ETTm1
long inputs with exact readout flags inputs whose bound is loose o _ certificate kept +17.5% MSE, certificate lost
Random-feature kernels Deterministic compression Largest gain on ETTh2: 0.853 — 0.688 (-19%). Next steps: higher-degree sketches, fused GPU kernels, and
randomness everywhere no per-input guarantee adaptive per-input budgets.
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