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* Transformers have become the backbone of modern E O(L2d) .

* We leverage our PADRe implementation to replace self-attention in several vision applications,

A General Attention Drop-in Replacement Framework

models in vision, language, and beyond. But self-attention | &// | \ including image classification, single-image object detection, and point cloud object detection
mechanism suffers from: O T | : : :
- Quadratic compute and memory complexity ! & iE * Input formatidentical to original network, e.g., tensor X of B X N X D vy, =4, xB; Baselines i&gsg;;gzyf?gggﬁg:iﬂ Top-1 %:czuracyT FLOng G) #Pararéls (M)
* Poorscalability for on-device or embedded applications | PP | LHaa | « Apply linear transformations (e.g., convs, matmuls) to both leftand %1 =" Hydra attention [1] 68.3 1.1 6
* These limitations hinder deployment in real-time, mobile, i / /! right of input tensor, given fast mat-vec products on hardware Ziy1 = (G Z; D)OYyy,Vie(l,...,d — 1} Efficient attention [24] 70.2 1.1 6
and resource-constrained environments : | : : e d Linear-angular attention [36] 70.8 Il 6
. o _ _ ) A | -V * Use hardware-friendly nonlinearities (e.g., Hadamard products) (], = z[w]mni[zi]mn‘l' (L], DeiT-Tiny [27] Enhanced linear attention [4] 729 1.1 6
* While many efficient alternatives exist, they often L . attention mechanisw = ! _ . . o o T4 " ' " k-NN attention [32] 730 13 6
compromise generality or require redesigning the Attention(0.K. V) — sof ( KT) § * Optionally, apply linear transformations if different out size is needed . Focused linear attention [9] 741 - 6
. ention( (), K, = softmax _ - _ K .. B
architecture \/ﬁ OUtpUt is of same size as input. ReplaCement occurs in a black- [Plmn= . (WlnnilZilmnt [Llmn TrXx Vision Mamba [38] 76.1 2.6 7
b L . i=1 KENN*D:|k|<d PADRe-2 (ours) 74.5 1.2 5
, . , , , ox fashion; the rest of the network is unaware of the replacement
Can we build a lightweight, hardware-friendly, drop-in replacement for PADRe-3 (ours) 76.5 1.7 7
) : : : : . . . . Standard self-attention [7] 79.8 4.6 22
self-attention thatimproves perfirmance while preserving accuracy? Each element of the output tensor is a polynomial function of the elements of the input tensor SimA [13] 79 8 16 7
es: DeiT-Small [27] | k-NN attention [32] 80.1 4.6 22
e replace attention with PADRe, keeping meta-architecture unchanged. PADRe uses any recently proposed alternative attention mechanisms are In tact special cases ot the e Tramework: PADRe-2 (ours) 20 4 48 20
* Linear compute vs. quadratic compute of self-attention : D wN 1 D D D ' '
: ) ) A= Y2 VN __ _ _ _ ~ . . . . PADRe-3 (ours) 80.5 6.1 26
* Linear memory vs. quadratic memory of self-attention SIMA = 2iz1 2j=1 ol Il]l, Ruikg=1 21 Ziey=1(UWalkost Wikt (W by n) Kmg X Xi e ) Standard self-attention [7] 81.8 17.6 86
* Hardware-friendly operations vs. complex ops (e.g., softmax) in self-attention R N W - _ - Hydra attention [1] 76.4 16.9 _
Hyena= 2.y ¢, _o(Peymy (I1i=1 héi—ti—1péi—1»mi—1))) DetT-Base [27] Hyena [20] 78.5 - 87
PADRe-2 (ours) 81.4 18.8 80

— t L pt—n
Mamba = Zn=o(2i,j=1[WcA WB]i,j (X; * Xj * Xp)) Image classification on ImageNet

T

Linear - Right () After performing algebraic manipulations, it can be shown that many proposed attention replacement Model Attention Mechanisms AP7T FLOPs (G) #Params (M)
1 - TLE& - mechanism can be expressed as polynomials in the input, and belong to the PADRe framework DETR [5] Standard self-attention [7] | 40.6 10.1 6.1
\ /v e PADRe-2 (ours) 40.2 4.5 2.7
® SoftMax T’ @—'[ Lingar Combination 2D object detection on COCO
| ' :
[ Mask(o t){ Attention is NOT all you need —————— Hadamard Product (@) +———— Im p I em entatl on: A PADRe InStan CE Baseline Attention Mechanisms NDS1t mAP?T FLOPs(G) #Params (M)
i k- ~ I DSVT [31] Standard self-attention [7] 71.1 66.4 14.9 1.1
Hormalize Mormalize Hormalize -
7o )N\ e —— ; e : PADRe-2 (ours) 71.1 66.0 10.7 0.9
) l Linear - Right (8) Linear - Right (8,) Linear ~ Right (8;) = = Y Z, = Degree-2 terms 3D object detection on nuScenes
fMatMm f £ ¥ X » Channel Mixing —> Token Mixing . » Channel Mixing >(-|A) b ame a@—» P
/ 1 T \ Linear — Left (Agy) Linear - Left [A,) Linear — Left [4,) L t l t' d .
Y.  Latency evaluation on device
Q K V T ] T — Channel Mixing —> Token Mixing &
v PADRe-2 Latency on Nvidia A100 GPU Latency on Qualcomm Hexagon NPU
Each element of the output tensor is a polynomial function of the elements of the input tensor, the Token Mixing [«— = = Spandand Sy FhhE & HEREESS — + = Standard SA PADRe-2 PADRe-3
coefficients of which are polynomial functions of the parameters (weights). Further, this dependency Y, g 7 S (e 0.5 80
IS such that the coefficients and the output itself may be computed efficiently (e.g., in linear time). —» Channel Mixing —>| Token Mixing - » Channel Mixing l 04 p 70 P
PADRe-3 — s __60 .
* Propose PADRe, a principled, polynomial-based drop-in replacement for self-attention £ 03 -7 E 50 ,-'
. > i >
with linear compute and memory cost ' £ 03 _ c :8 ’
* Unify multiple efficient attention variants (e.g., Hyena, Mamba, SimA, Conv2Former) Token Mixing 4_1 L i L 20 R
under a single framework »(l) e F 10 £
, , , — — Yy Za — Degree-d terms T e i g e e s B o st R B
* Achieve up to 43X speedup over standard self-attention on both GPUs and mobile NPUs, —— Channel Mixing — Token Mixing ® » Channel Mixing 0 0 P ———
with comparable accuracy PADRe-d 256 1024 2304 4096 256 1024 2304 4096
Number of tokens Number of tokens
* Enable efficient deployment of transformer models across vision and language tasks,
especially in embedded and on-device settings We only use hardware-friendly ops: convolutions for token mixing, MLPs for channel mixing, and Hadamard products

Up to 43%x speedup and linear memory scaling
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