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A track stfreaming streaming MLP, partitioned across AIE-ML and 18 2 us ) )y
programmable logic, run detector-alignment inference faster than o AIE-PL Latency SPEEDUP Vs

PL-only FPGA baseline.
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1 MOTIVATION 5IMPLEMENTED DATAFLOW 8 RESOURCE UTILIZATION
Detector misalignment biases tfrack reconstruction. Two implementations built and compared on the Versal VEK280:
Correcting it event-by-event, within trigger-latency budgets (A) AIE-ML + PL — heterogeneous
needs heterogeneous compute co-locating vector math T ___________________________________________ D | Resource AIE + PL PL-ONLY
with deterministic 1/0O. il o ke DSP 0.1% 80.6%
- Why now — datfa rates and pile-up push ML info the , . - 1 : o :

us-scale decision path of HEP DAQ. /+ EMBEM? e SOLVEM B SOLVERZ o Sowm ’ TRACKAVG = OUTDENSE i LU 3.77% 43.1%
- Why heterogeneous — separating dense math from 1/O . - - - g - . o= 1 9% 46.3%

bounds latency. T e ;
- Why Versal — commercial, mature tools; AIE-ML for ML, PL e e e i ’ AIE-ML ftiles 115 / 304 —

for sfreaming. [B) FLaoly - Nisdwlbesallss e On-chip power 28.8 W 21.0W
Target regime: an ATLAS-style Level-0 frigger runs at a fixed K g 62% 80%
~10 ps latency ceiling. e O e - J5P FREED ON
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2 THE ALIGNMENT PROBLEM o 9 AIE PLACEMENT

Fig. 3. Track-by-track streaming dataflow. Each solver mixes the current pipeline value
with a one-track delayed copy (z7') from the preceding stage. (A) Heterogeneous
AlIE+PL: dense layers on AIE-ML array, threshold-averaging output on PL. (B) PL-only | Sk S Sk s R S S i i S i . ‘
baseline via hls4ml.

Pre-loaded weights in 64 KB local memory

Detector 0 — Global R
uDense + bias_add + Fe—du—tu_tha e _Jhe Tt e s __Jhor_Jhas b

1 = :
1»0 - before n=0.003 0=0.041 r \ r N leaky relu activation
I after u=-0.000 0=0.016 . .
MODEL Ongmal Keras model p—— Track-by-track streaming model
50 tracks pro d_] ntly - GPU-shaped B embed once per track - insert z ! between solvers
'C) 7000 - exceeds on-device AIE /| PL budget single source-of-truth Keras graph
- J

/4

sﬁ\?\\\ 6000 - + j

l . \‘\\ \ 5000 - [ AIE-ML path } ( PL-only path - hls4ml ]
\ £ TOOLCHAIN * +

\\ \ S 4000 - ; N "

S Write per-block AIE wrapper Bit-matched Keras twin
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- 64 KB / tile memory cap — split weights, use cascades.
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Design flow. From a single streaming Keras graph, two hardware targets are derived: AIE-ML

compiles MLP blocks as DSPLib matmul graphs; the PL-only path quantises to ap_fixed<16,6> vio
his4ml.
. 64 KB/tile cap — split weights, use cascades.
MLP Model with Subset Solver The plot below quantifies the resulting deviation across all three layers on the 27-dim
—— OUTPUT, Stream first — several small dense steps beat one giant
arameters 0.03 o
A - —— | layer; stay on-stream, touch DDR only at the edges.
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HARDWARE IMPLEMENTATION
- The original model processes 50 tracks jointly — efficient on 7 LATENCY & TH ROUGHPUT 1 1 SUMMARY & CONCLUSIONS

a GPU, bUT It exceeds on.-device AlIE and PL resources. A reusable Versal AIE-ML + PL pattern delivers deterministic,
- Iﬂfe;e?ii S resguz’g{red INTO @ fYGCk-b}r/-"Gk?k Sfre:mmlf Metric AlE + PL PL-ONLY us-class MLP inference for beam telescope alignment. The
model. The embedding runs Once Per rdck, cross-rac placement recipe is proven; weights, biases, and the

feature mixing Is handled by one-track delay bufters Latency / frack 18.2 s 40.66 s averaging threshold are runtime-reconfigurable from the

between solver stages, mapping cleanly to Versal nost

compute domains: Kernel exec / event 0.91 ms 2.03 ms |

PL AIE-ML tiles PS Pl clock - 150 MHz e Built — frack-by-track streaming pipeline on VEK280; dense
T_ N S etatinue * XRT for layers on AIE-ML, host-reconfigurable averaging in PL.
ieshold averaging densty, on-chip coscade Pre-loads weights biases Speed-up 2.2 X 1.0x (ref) e Measured — 2.2x lower per-frack latency than PL-only;
defterministic DAQ interface sfreams, Nno host round-trips. :Ecissjror’rs runs; no ML math .l ]5/304 A|E TI‘@S, DSP freed on ’rhe fC]bI’iC,
. L e Next — optimizations : bus-width, run quantization

- A bit-matched Keras twin enables exact AlE-vs-FPGA PL baseline clock limited at 150 MHz due o resource benchmoﬁks -

comparison and direct hls4ml conversion. oudget.
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