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Abstract

Attention is the dominant compute cost in mod-
ern transformers and grows quadratically with
the sequence length. FlashAttention (Dao et al.,
2022) cuts the memory cost through tiling and
online softmax computation, but modern accel-
erators are optimized for matrix multiplication
and offload softmax to much lower-throughput
vector units, stalling the pipeline. We present
StreamAttention, an accelerator co-designed with
FlashAttention-2 (Dao, 2024) that sustains con-
tinuous streaming of operands on a single sys-
tolic array of multiply-accumulate (MAC) units.
We map online attention to MAC recurrences
that fit the systolic dataflow exactly, and evalu-
ate the softmax exponential as a Chebyshev poly-
nomial with the same MAC units. A four-stage
pipeline overlaps every attention phase with no
idle cycles between tiles, keeping operands con-
tinuously streaming through the array. Strea-
mAttention achieves 95-98 % utilization against
~40 % for the closest peer SystolicAttention (Lin
et al., 2025). We demonstrate that the Chebyshev
approximation has negligible impact on Llama-
3.2-1B (WikiText-103 Perplexity), ViT-Base (Im-
ageNet Top-1), and BERT-Large (SQuAD F1).
Fusing softmax onto the array eliminates per-tile
SRAM round-trips of the score and softmax ma-
trices, cutting per-layer attention energy by up
to ~2.8x and average attention power by up to
~2.9% vs. our baseline. This comes at the
cost of a ~34 % area overhead and +6 % power
on pure matrix multiplication over a standard
systolic-based matrix unit. We synthesize against
the open source SkyWater 130 nm process design
kit for area and power; SRAM energies are from
CACTI 7 at 90 nm.
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1. Introduction

Self-attention is the dominant compute cost in modern trans-
formers (Vaswani et al., 2017) and scales as O (n2d) in the
sequence length n. In LLM inference this cost concentrates
in the prefill phase (Patel et al., 2024), which sets the time-
to-first-token a user perceives. Materializing the interme-
diate score matrix S € R™ " on chip quickly becomes in-
tractable. For example, context windows reaching a mil-
lion tokens (Gemini Team, Google, 2024; Anthropic, 2026)
would require several terabytes of on-chip memory, far ex-
ceeding any realistic system. FlashAttention (Dao et al.,
2022; Dao, 2024; Shah et al., 2024; Zadouri et al., 2026) ad-
dresses this by processing the matrices in blocks and com-
puting softmax online. This avoids materializing the full
score matrix, and turns attention from a memory-bound to
a compute-bound workload.

The remaining bottleneck is the hardware itself. Mod-
ern accelerators such as TPUs (Jouppi et al., 2017; 2023;
Google, 2023), AWS NeuronCore (Amazon Web Services,
2024), and GPUs (Choquette et al., 2021) are heavily op-
timized for matrix multiplication, but offload non-linear
operations such as softmax to a separate on-chip vector
unit with much lower throughput (roughly 16x lower on
the NVIDIA A100 (Dao, 2024)). The separation also
forces SRAM round-trips between the two units, increas-
ing power consumption. Specialized FlashAttention imple-
mentations remedy the throughput gap through asynchrony
and dataflow specialization (Shah et al., 2024; Zadouri et al.,
2026), raising utilization to 70-75%, but do not eliminate
the round-trips. In datacenters, the lower utilization is
amortized by batching across concurrent requests, where
throughput rather than per-tile efficiency drives the design.
The SRAM-roundtrip energy, in contrast, scales quadrati-
cally with the sequence length per request and is simply
paid through the electricity bill. On edge devices however,
where the model runs locally with energy as the binding
constraint, every idle cycle and every round-trip is paid in
latency and a shorter battery life.

Systolic arrays (Kung & Leiserson, 1979; Kung, 1982)
have recently emerged as an effective architecture for ac-
celerating attention, due to their inherent parallelism, data
reuse, and pipelining. Recent systolic accelerators either
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reach near-full utilization at the cost of dedicated softmax
units (Wang et al., 2023; 2025), or sustain only ~40% uti-
lization on a single array (Lin et al., 2025).

To address this gap, we present StreamAttention, an accel-
erator that runs every step of the attention layer on a single
systolic array without sacrificing utilization or its ability to
do general matrix multiplication. Figure 1 shows the pro-
posed design, and outlines how we co-design it with the
FlashAttention algorithm. Specifically, our contributions
are:

* Reformulate online attention in terms of a se-
quence of MAC-friendly recurrences that map
directly onto a systolic array (Section 2).

* Design a single-array architecture that sup-
ports all attention computations on a shared
MAC core (Section 2).

¢ Evaluate the softmax exponential via Cheby-
shev polynomials on the same MAC units and
demonstrate that it has negligible impact on down-
stream tasks. To our knowledge this is the first use
of a Chebyshev approximation for the softmax ex-
ponential in hardware.

¢ Build a four-stage pipelined dataflow that over-
laps all attention steps and sustains continuous
operand streaming (Section 2), reaching 95 —98%
utilization at sequence lengths S > 2048 while re-
ducing SRAM round-trips of intermediate matri-
ces. This cuts per-layer attention energy by up to
~2.8% and power by ~2.9% vs. our baseline (Sec-
tion 3).

2. StreamAttention Design

2.1. Background: Systolic Array

A 2D systolic array (Kung & Leiserson, 1979; Kung, 1982)
is a regular grid of processing elements (PEs) that compute
the matrix product C = AB by distributing the elementwise
sum c¢;; = X aixby; across the grid. Operands enter from
the west and north edges, and each PE forwards values to
its east and south neighbors. Per cycle, every PE evaluates
one step of the recurrence

cf]’.ﬁl) = cl(j].() + a; b €))
on its local multiply-accumulate (MAC) unit. The array
is configured by choosing which term of Equation 1 stays
resident in the PE. In the weight-stationary (WS) variant
used in the TPU (Jouppi et al., 2017), by ; is preloaded into
the PE while a;; streams west-to-east and the partial sum

(k) accumulates south, draining at the bottom edge (Fig-

Cij

ure 2¢). In the output-stationary (OS) variant, cl(,lf) stays in

a local accumulator and is incrementally updated by having
both operands stream through (Figure 2a). In both variants,
operands enter the array skewed by one cycle per row and
column, so each tile pays O (N) fill-and-drain cycles around
the N> MAC cycles of useful work. This overhead vanishes
if successive tiles are streamed back-to-back (Section 2.3).

2.2. Online attention as MAC recurrences

Mapping any computation onto a systolic array requires
expressing every step as a MAC recurrence following the
form of Equation 1. We use i for output rows, j for output
columns, and k for the inner reduction. Standard scaled-dot-
product attention computes

_oK7
-

O = PV, Attention = diag(rowsum(P))_IO,

S

P = exp(S — rowmax($)),

with S, P € R™" and the final output in R”*¢, Each entry
of the unnormalized output O is a weighted sum

Oij = Z exp(Sik — m;i) Vi,

m; = max S;x,
k
k

which on a systolic array we want to express as an accu-
mulator update of the form ¢**1) = ¢(&) 4 () p(K) The
obstacle is that m; is a global row maximum, but at step k
a PE will only have information from the first k£ elements.

This is essentially the same problem FlashAttention solves
on a block level, so we adopt their well-known solution (Mi-
lakov & Gimelshein, 2018; Dao et al., 2022; Alexandridis
et al., 2025). We maintain a running maximum ml(k) over
elements seen so far and rescale the accumulator each
time the max grows. Having first computed m}kﬂ)
max(ml(k), Sik), the update becomes

05}’?”) = OE}’.‘) exp(mfk) —mfkﬂ)) + Vi j exp(Sik —m§k+1)).

@
By noting that exactly one of the two arguments to exp is
zero while the other is the negative difference between the
current element (S;x) and the maximum at the previous step
(mfk)), we can define

Sik = —|Si - ml(k)i’ P = exp(Six),

so that Equation 2 collapses to a single (conditional) MAC
operation per element:

K 5 k
o) _ OEj) “Pik ‘”ikj’ Sik 2 ml( : 3)
Y OZ(J]-{) + Vij - Pik, Sik < m§k>.
Thus, if the current element updates the running max, we
rescale the accumulator. Otherwise we scale the current el-
ement before adding. The only bookkeeping is the sign-bit
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Figure 1. System-level architecture of the StreamAttention accelerator and co-design with FlashAttention. Every step of attention is run
on a single N X N systolic array of multiply-accumulate units. The array is surrounded by double-buffered SRAM clusters along the west
edge (K, V;, constants) and the north edge (Q;, intermediate m, £, O, constants), and the south edge (m, £, O). These clusters support
continuous streaming of operands into and out of the compute unit. A controller broadcasts a per-cycle mode signal propagated along
the data through the array, sequencing the four pipeline stages without idle cycles between tiles. Data multiplied in FP16, accumulated

in FP32.

of Sir — mgk), used to select which operand to scale. The
row-normalizer £; follows the same recurrence with V. ; = 1.
The final attention output diag(¢)~'O is computed in the
downstream accumulator. Since this is only performed once
per outer loop, its cost is negligible against the O(S%d) on-
array work.

2.3. Four-stage systolic dataflow

We decompose the computation of each attention tile into
four stages executed within the array: (i) output-stationary
evaluation of the score matrix S = QK (ii) online row-
wise max normalization to obtain § while updating the run-
ning rowmax, (iii) in-place scaling and exponentiation to
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produce P, and (iv) weight-stationary online accumulation
of O and ¢ from P and V. Figure 2 shows the dataflow on
the array. All four stages run on the same N X N array of
PEs, with the microarchitecture of each PE detailed in Ap-
pendix A. We now describe each stage in turn.

Stage 1: § = QKT in output-stationary mode (0s).
Rows of K are streamed horizontally from the west and rows
of Q enter vertically from the north. Each PE accumulates
Sij = X, QipKjp in place. After 3N cycles the score tile
S is resident across the array, with rows aligned vertically.

Stage 2: in-place max (Max). To form S;; = —[S;; -
mfj ) | we stream the running maxes mgk) from the previous
tile from the top (so they propagate along the rows) and the
constant —1 from the west. Then, the PE at position (i, j)
computes S;; +(—1) ml(’ ) in place, and forcing the sign-bit
of the FP result high yields —| - | in a single cycle. The 1-bit
sign-of-difference is latched in each PE for use in stage 4.

The new maxes, m k)

; , exit the bottom of the array.
Stage 3: in-place scale and exponentiation (SCALE+EXP).
We first scale by y = 1/(VdIn2) in one cycle to convert
from natural to base-2, i.e., e5/Vd = 2S/(VdIn2) pe expo-
nential is then evaluated on the same MAC datapath in p
additional cycles via a Chebyshev polynomial of degree p
(Section 2.4). The result 13,-‘,~ overwrites S ij in the local PE
register.

Stage 4: O = PV in weight-stationary mode (ws). With
P resident in the array, we stream rows of V from the west
and the running output O¥) from the top. The 1-bit flag
from stage 2 selects which side of the MAC gets rescaled,
implementing Equation 3 per cycle. The row normalizers
¢; are produced by streaming a row of ones first.

Pipelining. The four stages run back-to-back without idle
cycles between tiles. Each stage can begin once the first PE
of the previous stage has produced its result — e.g., MAX
starts N cycles into QKT — so the stages overlap as shown
in Figure 3. Single-tile latency is 4N + p + 3 cycles, com-
pared to SN + 10 in SystolicAttention (Lin et al., 2025).
Pipelining successive tiles by starting the next QK" during
O = PV yields an amortized period of 2N + p + 3 per tile.

2.4. Approximating the exponential

After the max stage we have S; 7 < Oresident in the PE and
want to compute P;; = exp(S;;/Vd). Note that the score
matrix S has not been scaled by 1/ \/3 so we combine it with
this step. We first convert to base 2, which is more efficient
to implement in hardware (Schraudolph, 1999): eSulVd =
25ij/(VdIn2) The constant y = 1/(\/d In2) is streamed into

the array during the scaLE step in one MAC cycle.

Letting x = S’ij -y, we range-reduce x = x; + xy with
x; = trunc(x) € Zcoandxy € (—1,0], so that 2* = 2% .2%/,
The integer part x; is applied cheaply at the PE output by
adding x; to the FP exponent of the result. Only 2%/ on the
bounded interval (—1, 0] requires numerical approximation.
Following (Lin et al., 2025), a small split unit at the PE input
separates x into x; and x ¢ by shifting the mantissa.

We approximate 2*/ by a Chebyshev polynomial of degree

p9
PP(Xf)ZC_0+C_‘1Xf+---+C_’px?, (@)

chosen because Chebyshev minimizes the worst-case error
over the interval, in contrast to a Taylor expansion which
minimizes error around a single point (Muller, 2016). To
reuse the MAC datapath, we evaluate P, via Horner’s
method. For p = 3 it becomes

P3()Cf):Co+Xf(Cl+Xf(CQ+Xf~C3)). (5)

The first cycle streams ¢, and c3 together, the remaining
p — 1 cycles each stream one coefficient, for a total of p
MAC cycles through the same FP16XxFP32 datapath as the
matmul stages. The integer part x; is reapplied at the PE
output by a combine unit. We choose p = 3, sufficient for
end-to-end accuracy on real workloads (Section 3).

3. Evaluation
3.1. Utilization

We measure utilization as the ratio of useful FLOPs to peak
FLOPs over the full tile schedule, following (Dao et al.,
2022):

. Total FLOPs
Utilization = , (6)
Peak FLOPs/cycle x Total cycles

where total FLOPs = 452d (Dao, 2024) (the two matmuls
QKT and PV) and peak throughput is 2N? FLOPs per cy-
cle (one addition and one multiplication per PE). From Sec-
tion 2.3, each tile takes Cye = 2N + 3 + p cycles —
2N for the two GEMMs, three for max, scale, and row-
sum, and p for the Chebyshev evaluation. With tiles fully
pipelined and no gaps between them, the only overhead is
4N fill-and-drain cycles at the boundaries, giving total cy-
cles T = (S/N)2Cgi. + 4N. Substituting into Equation 6
withd = N,

2N S—00 2N

Utilization = s
Ciile + 4N3 /52 2N+3+p

which for N = 128 and p = 3 gives an asymptotic ceiling
of 97.7%. The fill/drain overhead 4N?3/S? shrinks quadrat-
ically in S.
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(a) Stages 1-2 (0s+MAX):
S = QKT, then _
Sij = =18i; = m".

(!)) Stage 3 (SCALE+EXP):
Pij = exp(8i)).

(c) Stage 4 (ws):
O=PV.

Figure 2. Systolic dataflow across the four stages of one attention tile, all running on the same N X N array. (a) Output-stationary QKT
followed by in-place max via —1 broadcast from the west and the running max from the top; the new running max is piped out the bottom.
(b) In-place y-scaling followed by Horner evaluation of the Chebyshev polynomial (Section 2.4), producing P in-place. (c) Weight-
stationary O = PV with conditional rescaling on a new running max using the in-place P; this stage also produces the row-normalizers £.

next tile S = QK starts mode
S=0QK" | 3N | os
N 1
S=-IS—m| b—— 2N | MAx
3 N+1 '
§/(Vdm2) k———] 2N | SCALE
. N+2 :
P=expy() k—- 2N+p | EXP
N+p+2 :
¢="P1 |<—>| 2N | ws
N+p+3 !
0=PV k——| 3N ws
X cycles
0 N 2N'! 3N 4N SN

amortized period = 2N + p + 3
I

I
single-tile latency = 4N + p + 3

Figure 3. Pipeline schedule for a single attention tile. Bar widths are proportional to array-level duration. The dashed line marks when
the next tile’s § = QKT overlaps the current tile, giving the amortized period 2N + p + 3.

Table 1 compares utilization against SystolicAttention (Lin
et al., 2025), the only prior work that runs the entire at-
tention layer on a single systolic array. StreamAttention
reaches 95% at § = 2048 and 97% at S = 4096, approx-
imately 2.5x SystolicAttention’s ~39%. The gap arises be-
cause SystolicAttention does not overlap consecutive tiles,
paying ~5N cycles per tile of which only 2N are GEMM.
StreamAttention pipelines all four phases on the same ar-
ray and overlaps them with the next tile’s § = QKT so the
only non-GEMM overhead per tile is the 3 + p cycles for
max, scale, exp, and rowsum. The Chebyshev approxima-
tion incurs a bit-exact MRE of 4-6 x 1072 vs an FP64 refer-

Table 1. FLOPs/s utilization against sequence length Sat N = d =
128, measured from Verilator RTL simulation. SystolicAttention
numbers from (Lin et al., 2025).

S 2048 4096 8192 16384
StreamAttention 95.1% 97.0% 97.5% 97.6%
SystolicAttention  39% 39% 39% 39%

ence at S € {2048, 4096, 8192, 16384}, dominated by FP16
quantization rather than the polynomial itself (full sweep in
Appendix D).
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3.2. Task-level accuracy

We measure whether the Chebyshev approximation affects
downstream task accuracy. We replace the attention module
of three pretrained transformers with a bit-exact emulator
of the StreamAttention datapath. We report Llama-3.2-1B
perplexity on the WikiText-103 validation set (~218K to-
kens) with a 1024-token causal window, ViT-Base/16 top-1
on the ImageNet- 1k validation set (50K images), and BERT-
Large (whole-word-masking, SQuAD-finetuned) F1 on the
SQuAD vl.1 validation set (10,570 examples). For each
model we sweep four kernels: an FP32 reference and three
hardware-equivalent variants (Chebyshev degree-3, degree-
4, and 8-segment PWL).

Table 2 reports the result. All three approximations stay
within 1 x 10~* of the FP32 reference perplexity, shift Ima-
geNet top-1 by at most —0.002 pp (one flipped prediction in
50K images), and shift SQuAD F1 by at most +0.017. The
cheapest approximation we tested (Chebyshev degree-3 at 3
MAC cycles) is indistinguishable from the FP32 reference
across all three workloads.

The choice of approximation method at the kernel level is
further detailed in Appendix B.

3.3. Power and energy

We synthesize the StreamAttention array and a plain weight-
stationary (WS) array of FP16xXFP32 MAC units against
the SkyWater 130 nm open process design kit (SkyWater
Technology and Google, 2020), using Yosys 0.62 (Wolf,
2013) mapped to the high-density standard-cell library
(sky130_£fd_sc_hd). OpenSTA (Cherry, 2018) reports dy-
namic power at the nominal corner under a 10% default-
activity assumption. Off-array SRAM access energies
come from CACTI 7 (Balasubramonian et al., 2017), con-
figured as a 32 KB scratchpad at 90 nm (the closest CACTI-
supported node). Both arrays go through the identical flow
at the same 100 ns clock period, so the difference isolates
the cost of fusing softmax onto the array.

A WS-only array cannot fuse softmax. Per layer per head,
it writes the per-tile S and P matrices to SRAM and reads
them back, paying 452 extra word accesses. Multiplying
by the CACTT access energies gives an avoided energy of
51.8 8% pJ per layer per head. Both this energy and the
StreamAttention layer runtime scale as S2, so the ratio gives
an S-independent average spill power of 32.4 mW (see
Appendix C for full derivation). Figure 4(a) reports the
per-layer energy breakdown across S: the spill dominates
the WS budget already at S = 1024, and on-array soft-
max fusion cuts total energy by ~2.8x at S = 4096. Fig-
ure 4(b) reports the corresponding average power: 48.9 mW
for WS (7.5 mW array-dynamic + 9.0 mW Q, K, V, O traf-
fic + 32.4 mW spill) against StreamAttention’s 17.0 mW

(8.0 mW array-dynamic + the same 9.0 mW Q, K, V, O traf-
fic), a ~2.9% reduction.

3.4. Hardware cost

Table 3 reports per-PE cell counts for three configurations:
a plain WS array of FP16xFP32 MAC units, the hybrid
OS+WS array with online max comparison and y-scaling,
and the full StreamAttention array with the in-place exp,
pipeline. The hybrid array adds +10.7% over the WS base-
line — mainly the MAC input muxes and the FP16<—FP32
conversion paths needed by the WS-with-correction stage.
Adding the exp, pipeline contributes a further +23.8%,
dominated by the split unit, fractional encoder, and com-
bine unit (510 cells, 15.3% of the WS baseline). On pure
GEMM, the StreamAttention PE also pays +6.3% dynamic
power from the unused mode logic. The total +34.4% area
is the price for the ~2.9x attention-power reduction and the
near-optimal utilization.

4. Related Work

FlashAttention lineage. The online softmax recur-
rence (Milakov & Gimelshein, 2018; Rabe & Staats,
2021) is the algorithmic foundation FlashAttention builds
on. FlashAttention (Dao et al., 2022) fuses tiled QKT,
online softmax, and PV into a single 10-aware GPU
kernel. FlashAttention-2 (Dao, 2024) restructures the loop
nest for parallelism and defers softmax normalization;
FlashAttention-3 (Shah et al., 2024) and FlashAttention-
4 (Zadouri et al., 2026) specialize to the Hopper and
Blackwell architectures, respectively. StreamAttention is
co-designed around FlashAttention-2.

Systolic attention accelerators. COSA (Wang et al.,
2023) and COSA Plus (Wang et al., 2025) couple two co-
operating systolic arrays through a dedicated softmax unit
between QKT and PV, reaching ~95% utilization across
the full multi-head attention (MHA) layer; Agile Systolic
MHA (Chen et al., 2026) runs MHA on a single array but
still relies on external softmax and layer-norm units. Systoli-
cAttention (Lin et al., 2025) is the closest peer: it removes
the dedicated softmax unit by streaming row-max and PWL
exponential coefficients through a single array, but does not
pipeline successive tiles and saturates at ~40% utilization.
FuseMax (Nayak et al., 2024) extends the operator-fusion
idea of FLAT (Kao et al., 2023) from GPUs to a 2D PE array.
Other accelerators target sparsity (Lu et al., 2021; Wang
et al., 2021; Ham et al., 2020; 2021) or low-precision (Is-
lamoglu et al., 2023), which are orthogonal to our work.

Positioning. StreamAttention combines three threads.
The FlashAttention algorithm (Dao et al., 2022) supplies
the tiled, online-softmax structure that our hardware is co-
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Table 2. Task-level accuracy of three pretrained transformers with the StreamAttention kernel against an FP32 reference. PPL on WikiText-
103, Top-1 on ImageNet-1k, F1 on SQuAD v1.1.

Kernel Llama PPL A ViT Top-1 A BERTFI A

FP32 reference 11.2549 — 80.326 — 93.159 —
Chebyshev deg-3 11.2548 —0.0001 80.324 -0.002 93.176  +0.017
Chebyshev deg-4 11.2548 —0.0001 80.324 -0.002 93.162 +0.003
PWL 8-segment 11.2549 0.0000 80.324 -0.002 93.165 +0.006
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Figure 4. Energy and power during one attention layer. SkyWater 130 nm, N = d = 128, p = 3, 100 ns clock. SRAM access energies
from CACTI 7 at 90 nm.

Table 3. Per-PE cell count for three N X N array configurations, normalized to the WS baseline. Synthesized with Yosys 0.62 against
SkyWater 130 nm, hierarchy preserved.

Component Cells A%  Cumul.%
WS array (MAC + accumulator + passthrough) 3337 — 100.0

Hybrid array (OS+WS + attention control flow)
Max comparison + sign-bit forcing

OS dataflow + y-scaling + FP conv. 356 +107 1107
+ in-place exp, pipeline

Split unit (integer/fractional decomposition) +288  +8.6 119.3

Fractional encoder (priority encoder) +137 +4.1 123.4

Combine unit (exponent adjustment) +85 +2.5 126.0

Horner accumulator register +32 +1.0 126.9

Extra FP32—FP16 truncations + mux overhead = +251 +7.5 134.4
StreamAttention array (total) 4486 +34.4 134.4

designed around. We improve on SystolicAttention (Lin insight, replacing their exponential approximation with a
et al., 2025)’s in-array attention dataflow to reach near-  Chebyshev polynomial that we evaluate using our in-array
perfect utilization, while retaining the general matmul ca-  MAC units.

pability of a standard weight-stationary engine (Jouppi

et al., 2017; 2023). To achieve this, we draw on Low-Cost

FlashAttention (Alexandridis et al., 2025)’s fused exp -V
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5. Conclusion and Limitations

We presented StreamAttention, an accelerator that runs ev-
ery step of the attention layer on a single systolic array of
MAC units. The two algorithmic ingredients — mapping
online attention to MAC recurrences and evaluating the soft-
max exponential as a Chebyshev polynomial through the
same FP16xFP32 datapath — collapse the entire attention
pipeline onto one hybrid processing element. A four-stage
pipeline runs the four phases back-to-back without inter-tile
stalls, sustaining 95-98% utilization and cutting per-layer
attention energy by ~2.8% vs. a weight-stationary baseline
at the cost of +34% area. On edge devices, where energy
is the binding constraint, this translates directly into longer
battery life and lower latency for local LLM inference.

Broader Impact. The same on-array softmax fusion that
helps edge devices also reduces datacenter electricity de-
mand: the SRAM-roundtrip energy scales quadratically
per request with sequence length, and cloud LLM end-
points pay this cost in their power bill. As LLM inference
grows into a measurable share of regional grid load (Interna-
tional Energy Agency, 2024), per-request reductions com-
pound across the trillions of tokens served daily. A ~2.9x
attention-power cut in the dominant prefill phase narrows
both the operational cost of cloud inference and the upward
pressure on local electricity prices that Al workloads in-
creasingly exert.

Limitations. The synthesis flow is pre-layout (no mea-
sured wire capacitance) on the SkyWater 130 nm open PDK,
with CACTI 7 SRAM access energies modeled at 90 nm; ab-
solute energy figures at 7-16 nm production nodes would
scale, but the relative comparison between StreamAtten-
tion and the WS baseline is robust to this. The dynamic-
power numbers assume uniform 10% switching activity
rather than workload-driven SAIF back-annotation. Tak-
ing the design to fabrication would also require optimiz-
ing the critical paths inside the hybrid PE, potentially with
additional pipeline stages, to hit a competitive target fre-
quency. We have evaluated only forward-pass inference at
FP16xFP32; backward pass and lower-precision inference
(INTS, FP8) are left to future work. Decode-phase attention
— where the sequence dimension is one — is dominated by
KV-cache traffic rather than matrix-unit utilization and is
not addressed here.

Reproducibility. We release the SystemVerilog RTL of
the StreamAttention array and PE, the bit-exact C++ hard-
ware model used for the accuracy sweep, the OpenSTA syn-
thesis flow against the open SkyWater 130 nm PDK, and
the plotting scripts for every figure in this paper. The repos-
itory README documents the toolchain and re-running the
experiments end-to-end.
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A. Hybrid Processing Element

The four-stage dataflow of Section 2.3 requires a single PE
that can run in five logical modes: os for the S = QKT
accumulation, MAax for the in-place subtraction and sign-bit
force, scaLE for the y scaling, Exp for the Horner steps that
produce P, and ws for the rescale-or-add update during O =
PV. The PE is the same physical hardware across all five.

Figure 5 shows the internal datapath to support these modes.
A multiplier (®) and an adder (&) form the multiply-
accumulate (MAC) core. Three mode-driven multiplex-
ers select the MAC operands. The multiplier’s left input
chooses between the input data x;, (default), the local accu-
mulator register Acc (for rescaling accumulated 05?), or
the exponential accumulator register Exp Acc (for exp com-
putation). A mux on the multiplier’s other input chooses
between yi, (0s), Acc (ws), or the fractional part xf,c from
the split unit when computing exponential. The mux on the
adder’s input chooses between Acc (os and MAX), yin (EXP,
SCALE, WS), Xin (Ws), or zero (init). A fourth mux at the
bottom selects which value is stored in the local accumula-
tion buffer and is either the result of the MAC operation
or the computed exponential. A fifth mux selects which
value is sent south and chooses between yj, and the local
accumulated value (used for max comparison). All mux
selectors and register write enables are driven by the cen-
tral Controller block, which receives the per-cycle mode;,
signal and propagates it one cycle later through the Mode
register as mode,y, SO the mode signal traverses the array
in lockstep with the data. The controller also uses the MSB
of the output of the MAC to determine during mode Max if
a new maximum value was encountered. Some details re-
lated to converting between FP16 and FP32 are hidden for
readability.

Furthermore, the PE holds four registers and one
passthrough.  Acc is the PE-local accumulation regis-
ter. During the os stage it accumulates S;;, during MAx
it is overwritten with 5,- 7» which it holds until the end of
EXP, at which point it is replaced with P; 7. During ws it
participates as the rescale-term in the rescale-or-add update.
Exp Acc is the Horner accumulator used only during Exp,
holding the partial polynomial value rj between successive
Horner steps. x reg and y reg are the systolic passthrough
registers that hold the outputs xqut, yout for one cycle so that
the array meets timing along the east—west and north—south
wires. The 1-bit sign-of-difference flag captured during
Max is held inside the Controller and used to select the
operand routing in the subsequent ws stage.

The split and combine units handle the in-place base-2 ex-
ponentiation. The split unit decomposes Acc into a signed
8-bit integer part xi, and a 13-bit fractional part, and a small
priority encoder downstream of split rebuilds the fractional
part as a normalized FP value xg,c € [—1,0] that is fed to
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the multiplier during exp. The combine unit takes the final
Horner result and adds xjy directly to its FP exponent field,
producing 2% - P, (xfc). The MAX stage uses the same
MAC but forces the sign bit of the result high before the
value is written into Acc, yielding —[S;; — mlgj ) | in a single
cycle.
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Figure 5. StreamAttention hybrid PE microarchitecture. Black arrows are data; grey arrows are control. The MAC core (® + @) is shared
across all five modes; mode-driven muxes (driven by the Controller) select the MAC operands and the register paths each cycle. Acc is
the resident PE register and holds S;;, then S ij» then P; 7 across the stages; Exp Acc is the Horner accumulator used during Exp; x reg and
y reg are the systolic passthrough registers; Mode forwards the per-cycle mode signal. The split unit decomposes Acc into xjn; and Xgyc,
and the combine unit re-applies xjy to the FP exponent of the polynomial result during Exp.

B. Choice of Approximation

Recall from Section 2.4 that each PE must evaluate 2*/
for xy € [-1,0] as part of the in-place exponentiation
stage. We consider three families of approximation: uni-
form piecewise-linear (PWL), Chebyshev polynomial via
Horner’s method, and Chebyshev via Clenshaw’s algorithm.
All three methods reuse the existing MAC unit, and Figure 6
compares their mean relative error (MRE) and maximum
relative error (MaxRE) over x; € [~1,0] as a function of
allocated MAC cycles.

Horner reaches its floor of MRE ~1.1 x 10™* and
MaxRE ~6.9 x 10~# after only 3 MAC cycles (degree 3).
Beyond that, additional terms yield little to no benefit as
the FP32—FP16 truncation applied to the running accu-
mulator at each multiply step limits precision. Clenshaw
reaches a noticeably lower floor of MRE ~4.0 x 107> and
MaxRE ~2.0x10~* at 8 MAC cycles (degree 4). Each Clen-
shaw step consumes two MAC operations, so the last two
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terms are accumulated in FP32 before the next FP16 trunca-
tion, which lets Clenshaw retain more precision than Horner
under the same MAC datapath. PWL converges much more
slowly. At 16 MAC cycles (16 linear segments) its error
matches the FP16 exact 2* baseline (MRE ~1.8 x 107,
MaxRE ~4.9 x 104, dashed) but does not go meaningfully
below it.

Recall that Horner evaluates p(x) = cp,x” +- - - +cq via the
recurrence
(7

rkzrk,l-xf+cp,k, ro =Cp,

while Clenshaw evaluates the same polynomial in its Cheby-
shev basis via

dy=d_1=0. (8)

di =2xp - di-1 —di—2 + an_g,

We choose Horner evaluation going forward because it
maps directly onto our MAC datapath. Each cycle performs
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Figure 6. Approximation error of 2*f on [—1, 0] under FP16xFP32 MAC precision, as a function of MAC cycles.

a single acc « acc - xy + ci, with coefficients streamed
in order from top and left. Clenshaw requires maintaining
two recurrence variables (dy—; and dj_») and alternating
between them each cycle, which would need either an extra

register and multiplexer or a modified streaming schedule.

Thus, we choose Horner for simplicity for now, and leave
exploring Clenshaw to future work.
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C. Attention Spill: Energy and Power
Calculation

A WS-only array cannot fuse the softmax stage onto the
MAC array, so it has to write the per-tile score and softmax
matrices S and P (N X N each) to SRAM and read them
back during the softmax stage. This costs 4N? extra word
accesses per tile (2 writes + 2 reads of N> elements each).
Summed over the (S/N)? tiles of one layer per head, this is
48? extra word accesses, independent of N.

CACTI 7 (Balasubramonian et al., 2017), configured as a
32 KB single-port scratchpad at 90 nm (the closest CACTI-
supported node to SkyWater 130 nm), reports a per-block
(64-byte) read energy of 115.2 pJ and write energy of
299.9 pl. Per 32-bit word these are E,y = 7.2 pJ and
Ey: = 18.7 pJ, so the avoided traffic energy is

Eopin = 28%(Erg + Eyy) = 51.8 87 pJ per layer per head.

The StreamAttention runtime per layer is Tiayer = (S/N )2 .
Ciile * Telk, Which at N = d = 128, p = 3, 7k = 100 ns
evaluates to 1.60 S2 ns. Dividing Eqpinn by Tiayer gives the
asymptotic spill power Pgpiyy = 32.4 mW, independent of S.



StreamAttention: Energy-Efficient, High-Utilization Attention on Systolic Hardware

D. End-to-end Numerical Accuracy of the
Chebyshev Pipeline

We measure the impact of the Chebyshev approximation on
the full attention output using a bit-exact C++ model of the
StreamAttention pipeline, validated against Verilator RTL
simulation at small array sizes. The model reproduces ev-
ery precision-limiting step of the hardware (FP16 trunca-
tion of MAC inputs, 13-bit fractional split, FP32—FP16
truncation between Horner steps) while executing at native
speed, making the long-context sweep tractable. We sweep
S € {2048,4096,8192,16384} on a 128 x 128 array with
d = 128, drawing Q, K,V from the heavy-tail distribution
used in (Shah et al., 2024; Lin et al., 2025):

N(0,1) + N(0,100) - Bernoulli(0.001).

End-to-End Attention Error (N =128, d=128)

=@~ Cheb-3 (Ours)
-l- Cheb-4 (Ours)
PWL-8 (FSA)
=¥+ FP16xFP32 + exact exp

7%1073

6x 1073

MRE

5x 1073

4x1073

2048 4096 8192 16384
Sequence Length

Figure 7. End-to-end attention MRE against an FP64 reference,
measured with the bit-exact C++ hardware model. Chebyshev
degree-3 sits within 10—17% of the FP16-exact-exp, floor (dashed)
at every sequence length, with error dominated by FP16 quantiza-
tion rather than the polynomial approximation. Adding an addi-
tional Chebyshev degree yields little benefit.
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