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l Neural network principles Minimize un criterium

N
Loss 0 = arg;nin Z l(Ytrain,i: f(Xtrain,i; 9))
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Xtrain,1 \ f function(/ = loss) ] Yirain1
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l Les elementary bricks
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Pile-Up recovery
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| Selection/ Classification/
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Data selection
Data parameters prediction
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l IA Components comparaison

Criteres CPU CPU+AI-CoPro GPU FPGA ASIC
Adaptability High High Moyen Low Aucune
(to various model)
Calculus power low Mean-High High High Mean
Latency Mean (ms) | Mean (ms) Faible (us) |Faible(10 ns) |Tres faible
Input stream Low Mean High High High
Parallelism Low Mean High High High
Electrical power Mean Mean Mean Mean High
consumption
Easy to use Facile Moyen Mean Complex Very Complex
Density of model Moyen Low Low High High

—— - Complexity to hold == e o o



. Embedded ML methodology
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. Problem statement

IA model
ADC Inference

CSA f
\ s Data Outputs

Data Inputs

Pre-processing DL Model Post-processing
scaling inference Scaling

=2 Minimize latency & used ressources

( ™
4 ) — .
> Memory BW ; Zre—proEclzTe:smg nput size 2.mnOne layer calculation
T, =—— orm. imer =C....d —
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. Did you say « Convolution» ?

= Jupyter lab
= hittps://aithub.com/vdumoulin/conv_arithmetic

ky

Filter = Kernel
Dimension:;

ocky ‘ Padding preserve the input data size
Convoliution layers= kx+ky+1 ‘ gp p
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https://github.com/vdumoulin/conv_arithmetic

. DECONVOLUTION: Problem statement

Objectif : build original signal of a capacitive detector from a noisy and filtered
signal.

Application : Front-End signal processing.

1D Classical CNN
a;fzi a 1D Dilated CNN
K—-1
. - - L—-1
y[t] —Z’wk:ﬂ[t k_ y[t]:Zwkm[t—’r-k] R=1+(K—1)Zm
k=0 k=0 1=0
o000
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. DECONVOLUTION: Problem statement

Exemples:
' R=1, Layers 1
o x=[x0,x1,x2,x3,x4,x5,x6,x7] Y
« Noyau de taille K=3K = 3K=3, y[t] = woz[t] + wiz[t — 1] + wez[t — 2]
avec coefficients w=[wO,w1,w?2] .
. indices utilisés y
« Pas (stride) =1 t
« Pas de padding (donc la sortie rétrécit quand on dilate) : = e
3 [3,21] WpT3 + WiTy + WrTy
R =2, Layers 2
ylt] = wozlt] + wizlt — 2] + waalt — 4 ’ e s
Calcul explicite > R A
t indices utilisés ylt] 6 16,54] WoZe + W1T5 + Wals
4 [4,2,0] WHT4 + W1Ts + waexg 7 [7,6,5] wWoT7 + W1Te + Weks
5 [5,3,1] WoTs + W Ty + Wolq
6 [6,4,2] WoTe + W1T4 + WaT2
R =4, Layers 3
7 [7,53] WoT7 + W1Ts + WaT3

y[t] = woz[t] + wyz[t — 4] + woz[t — §]

t indices utilisés ylt]
7 [7.3,-1] wyTy + w3 + war_1 — néeessite padding ou
tronquage
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lll-problem in
Hadamard’
principle:
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APD Signal : same as capacitif detector signal

Ephor:on 12
E. At (14 1e —9p)? Q)

| q.R.M(V,). QE(A).
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R=5MQQ Tau=5us
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Bl 1D dilated CNN Model
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class DilatedConvBlock(layers.Layer):

def init_ (self, filters, kernel size, dilation_rate, #*#%kwargs):

super().__init__ (**kwargs)
self.conv = layers.ConvlD(
filters=filters,
kernel size=zkernel size,
dilation_ rate=dilation_rate,
padding="causal”,
activation="relu"

def call(self, inputs):

return self.conv(inputs)

def build custom dilated model(input length=1668):
inputs = Input(shape=(input_length, 1), name="signal_input")

= DilatedConvBlock(64, 3, dilation_rate=1,
= DilatedConvBlock(64,
= DilatedConvBlock(64,
= DilatedConvBlock(64,
= DilatedConvBlock(64,

, dilation rate=2,
, dilation rate=4,
, dilation_ rate=8,

oMo o® K oK oK

name="dilated 1")(inputs)
name="dilated 2")(x)
name="dilated 4")(x)
name="dilated 8")(x)

dilation_rate=16, name="dilated 16")(x)
= DilatedConvBlock(64, 3, dilation_rate=32, name="dilated 32")(x)

outputs = layers.ConviD(1, kernel size=z1, activation="linear", name="final output™)(x)

model = Model(inputs, outputs, name="DilatedCNNCustom")
model .compile(optimizer="adam", loss=tf.keras.losses.Huber(delta=1.8))

return model
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Prédiction with known & Learning signal (Validation)
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Prediction with non-learning signal
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Prediction with non-learning signal
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. How to infer a neural network based model in an embedded component with limited ressources ?

How to implement a neural
network on an FPGA with all
the computations? <y
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hls4ml pipeline class DilatedConvBlock(layers.Layer):
def init_ (self, filters, kernel_size, dilation_rate, **kwargs):

Supported DL frameworks: Model conversion, Xilinx FPGAs, Intel/Altera . yony *)
Keras optimization, profiling & FPGAs, Intel x86 CPUs super() . _init_ ( wargs)
¢ PyTorch tuning £ YILINX self.conv = layers.ConvlD(
€ ONNX hls 4 ml - ' filters=filters,

kernel size=kernel size,
dilation_rate=dilation_rate,
padding="causal",
Quantized his4ml Gl Hardware activation="relu"

model project )

def call(self, inputs):
return self.conv(inputs)

Quantization and pruning A Men
techniques: VIVADO *
- QKeras + AutoQ (Keras) i Layer (type) Output Shape Param #
- Brevitas (PyTorch) oneAPT - - -
signal_input (InputLayer) (Mone, 1000, 1) 3]
dilated 1_pruned (ConviD) (None, 1000, 18) 72 e -
- nnet: config> (signal_input, layer2_sut, w2, b2); // dilated 1
Backend: Vivado dilated_2_pruned (ConvilD) (None, 1000, 64) 3,520 Jsitndes
P nnet::save_layer output<layer2_t>(layer2_out, "dilated 1", N_OUTPUTS_2*N_FILT_2);
ggng:FIOd' dilated 4 pruned (ConviD) (None, 1000, 64) 12,352 [Fendis
oniig: layer3 t layer
LayerName: dilated 8_pruned (Conv1D) (None, 1000, 64) 12,352 tpragma ble=layer3_out complete dim=0 B )
dllated 1 . relu_configd> (layer2_out, layerd_cut); dilated 1_relu
DG e on: dilated_16_pruned (Convl1D) (None, 1000, 64) 12,352 ilated 1 relu”, N_OUTPUTS 2N FILT 2);
bias: fixed<lé,é6> dilated 32 pruned (ConviD) (None, 1008, 64) 12,352
result: fixed<le, 6> e rpeer
weight: fixed<lé, 6> final_output (ConviD) (None, 1000, 1) 65 layerd_t, layers t | layers_cut, we, bd); // dilaced 2
a Irac::],;rue ", N_OUTPUTS_4*N_FILT_4);
ilate: 3
PreCi;ion: N_OUTPUTS 4*N_FILT 4];
bias: fixed<l€,6> Total params: 53,065 (207.29 KB) Tirzom Syess_out complete din=0 -
result: fixed<lé, 6> | Model: onfigS>(layerd_out, layer5_out); // dil
3 . ix < > BramFactor: . "dilated 2 1", N_OUTPUTS_4*N_FILT_4);
T wel?h: Flxeds=18.9 Precision: fixed<lé,é> Trainable params: 53,065 (207.29 KB)
3 Son e ReuseFactor: t [N_OUTFUTS_€*N_FILT_€);
dilated_16_relu: Strategy: Latency T —.—:.-.;.;_1-=1:;1;c ut complete dim=0
Precision: TraceQutput: false B : . : 4 _cl<layerS_t, layerf_t, configé>(layerS_out, layeré_cut, wE, b€); // dilated 4
FasilE: Fissaele s 1o : io parallel Non-trainable params: 0 (0.00 B) S#ifnaes e
: ) ! InputData: null nnet ve_layer_output<layeré_t>(layeré_out, "dilated 4", N_OUTPUTS_E*N_FILT_€);
F#endit

Trace: true KerasModel: !keras_model 'model_standard deconv_nexys/model_nexys_hls4ml_prj_1,

dilated 1_relu: OutputDir: model_ standard deconv_nexys/model_nexys_hls4ml_prj_1 FILT_€);
Precision: OutputPredictions: null s=layer7out complete dim=0 e .
Fenult:. EUSEORTE, 6> Part: xc7alo0tesgizd-1 : relu_config?>(layeré_sut, layerT_out); // dilated_i_relu
ProjectName: myproject nnet::save_layer_cutput<layer7_t>(layer7_out, "dilated & relu”, N_OUTFUTS_E+N_FILT_6) ;

Trace: true Stamp: c463fEaé F#endif

, w8, b8); // dilated B

", N_OUTPUTS_B8*N_FILT_8);
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= ERROR: [HLS 200-70] Empty dataflow region in ‘dilated_cnn_deconv_standard'
(it may have been optimized away due to the absence of outputs).

= ERROR: [HLS 214-89] Function ‘dilafed_cnn_deconv_standard ' cannot be synthesized in dataflow
mode

# Absence de MLP dans le modele

Type de structure Implémentation RTL générée par HLS
Opérations arithmétiques (+, -, *, /) > Mapping vers des DSP48, LUT ou adder trees selon la taille et le type
Boucles for, while > Génération d’'une FSM (machine d'état) pour séquencer les itérations
Tableaux (array) > Mappage sur des BRAM ou LUTRAM selon les pragmas (#pragma HLS RESOURCE,
#pragma HLS ARRAY_PARTITION, eic.)
Fonctions > Générées comme sous-modules RTL ou inline selon #pragma HLS INLINE
Pipeline > Génération de registres infermédiaires et d'une logique de contrble selon
#pragma HLS PIPELINE
Interfaces -> Génération d'un wrapper AXI4, AXI-Lite, stream, BRAM etc., selon #pragma HLS INTERFACE
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|N<1ooo>l Out<] OOO>] o o o [Ou’r<1000> ]—» Sortie<1000>

signal_input (InputLayer) [(None, 1000, 1)] final_output (Conv1D) (None, 1000, 1)
» The convolutional layers (convl, conv2, pool, etc.) are chained together in a pipeline.
» There is no explicit final output (i.e., no output vector written to an AXI interface or an output[] variable).
» HLS therefore sees a succession of functional calls, thus activating implicit dataflow mode.
» However, since no output is visible to the top module, it considers the region "empty" or "unobservable."
» Result: the error message "Empty dataflow region.”
Solution: The output CPP code of HLS4ML must be
« Add observable output (vector of size n=1000) manipulated to account for the model's
for (int i=0; i<LEN_OUT; i++) architecture, and the #pragma
output[i] = final_output [il; ‘ statements must also be modified.
Force HLS to not activate implicit dataflow mode > Write the model direc’rly in VHDL.
fforagma HLS INLINE off = Understand how to optimize latenc
#pragma HLS PIPELINE P y

and resources in VHDL.
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| We have a 1D CNN model that recreates a deconvolved transfer function signal for single-
event signals.

| HLS4ML is used to optimize latency and resource usage for an FPGA target.

| HLS fails to synthesize the model due to the implicit DATAFLOW function.
| Revise the HLS code to add explicit output (not working yet).

| Understand how to optimize latency and resources directly in VHDL.

To Do List
Create a 1D CNN entity directly in VHDL

Find a deconvolution model for the 2-joint-event signals

Test on NEXYS and ZCU104
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