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FPGAS

Field Programmable Gate Arrays

An array (2D) of gates
Basic blocks of “Configurable Logic Blocks™ - CLBs

That are re-programmable
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Inside an FPGA

e FPGAs
FF
i .




Modern FPGAs - System on Chip

Programmable Logic

Processing System

CPU




How to Program?

e Hardware Description Languages
o VHDL
o Verilog

e High Level Synthesis
o C++ “like” that compiles to VHDL / Verilog
o Heavy use of directives
o  Still need to know how HDL works



FPGAs are great hardware for low-latency

e How can we deploy Neural Networks in FPGAs?
e |am using:

his 4 ml




“Catch”

In FPGAs we are using quantized data types

And this is the key of being fast

FPGA resources are very fast exhausted with model size

So FPGAs can accommodate only “small” and quantized models

e So techniques exist to either take a big model and make it smaller
o Regularization
o Pruning

e And to quantize data types

o post-training quantization
o quantization aware training



Example: real time 1D CNN in Waveform

Model: "peaR_det"

Layer (type)

Output Shape

Param #

input_layer (InputLayer)
convl (Conv1D)

pooll (MaxPoolinglD)
conv2 (Convl1D)

upsampl2 (UpSamplinglD)

conv4 (Conv1D)

[(None, 64, 1)]
(None, 64, 4)
(None, 32, 4)
(None, 32, 12)
(None, 64, 12)

(None, 64, 1)

0

44

0

204

121

Total params: 369 (1.44 KB)

Trainable params: 369 (1.44 KB)
Non-trainable params: 0 (0.00 Byte)

TP exact: 4

TP slack-corrected: 0
False Negatives (FN): @
False Positives (FP): 0
Precision: 1.0000
Recall: 1.0000

F1 Score: 1.0000

(64, 1)

Signal Hits with Slack Matching (threshold=0.47, slack=8)
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And pick a data type based on ROC - AUC

auc vs Bit Width
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We need:

e To be faster than the timescale of the physics ~ tens of us
e Our model must be sophisticated enough to capture time correlations and keep memory of

previous modulations
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The Gated Recurrent Unit ( LSTMs little cousin )

e This is the “temporal unrolled view” for RNNs

- e
= @

e The “hidden state” is an encoding of observations through time, some may
even call it “memory”. At each time step (or after many), it can be fed to a

Feed Forward NN to do regression or classification. p



Unfortunately, RNNs are probably the worst models to implement in Hardware
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The Versal VCK190




The benefits of printing smaller and smaller

PL@ 39 AIE @

312.5Mhz Interface 1.25Ghz
Tiles
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AN FPGA ON STEROIDS BASICALLY

AIE @
1.25Ghz
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The Versal AIE e 400 Vector Processors with local memory
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A (very) simplified insides of a AIE Tile

Register 1 (8floats)

Stream

Register 2 (8floats)
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Tile - Tile Connectivity: Cascade Stream (Local)

e Only neighbouring tiles (right for even, left for odds, up for edge)

@ Accumulator

EN-ml  EN-EN N 2§ o §
o WO | e i |t o
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—_ KR8 el Ex-gl ES-B  EN-3
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Tile - Tile Connectivity

@ Block of Memory banks
@ Stored data

@ Vectorized Processor
@® VecProc Input Port

@ VecProc Output Port

: Memory Sharing (Local)
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Tile - Tile Connectivity: AXI4 Stream Interconnect

@ Switch

@ Buffers

e Each tile can have 2 stream
inputs and 2 stream outputs
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Packet Stream ( split - merge)

e To use the same physical AXl4Stream for multiple source or destination

e Headers can either be sent from PL targeting a AIE Tile or from Tile to Tile

@ AIE Tile

@ Packet Stream
Routings over
AXI4Stream

PL

PL
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Programing paradigm

You start with writing the program of a single tile called “kernel”

A kernel is a function in C++ that also declares connectivity
Chess compiler pragmas are essential

MAC 2
vectors

MAC 2
vectors

Add 2 vectors

%
7

) Do a LUT on

the result
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Organize multiple kernels into graphs

e Computational graphs are the top level abstractions that allow you to organize

the execution of multiple kernels to obtain a result

-

MAC 2
vectors

~

MAC 2
vectors

N
B

Add 2 results

Do a LUT
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Organize into a top graph with multiple subgraphs

PL

MAC 2
vectors
Add 2 Do a
results LUT
MAC 2
vectors
MAC 2
vectors
Add 2 Do a
results LUT
MAC 2
vectors
MAC 2
vectors
Add 2 Do a
results LUT
MAC 2
vectors

(==

Aggr

-

J

MAC 2
vectors
Add 2 Do a
results LUT
MAC 2
vectors
MAC 2
vectors
Add 2 Do a
results LUT
MAC 2
vectors
MAC 2
vectors
Add 2 Do a
results LUT
MAC 2
vectors

/

Aggr PL

.

26




Run Time Parameters

e Passed to the memory of the Al Engine Tiles by the PS (txt file, shell, std::cin)
e Can be changed - read in run time

RTP

MAC 2 / {
vect?/\
| / el 2 Doa LUT —— — PL

results

MAC 2
vectors
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Gated Recurrent Unit

2% = o(Wyas + Ushe_t +b;)

ry = o(Wyzy + Urhy—1 + b;)

hs = ¢(Whzt + Up(re @ hy—1) + by,)
he=(1—2)Oh1+20h

ifa Matrix wore pants

would it wear them like this
a

a

or like this




Multiply Accumulate: Columns

Accumulator
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Multiply Accumulate: Columns

Accumulator
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Multiply Accumulate: Columns

Accumulator
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Multiply Accumulate: Columns

Accumulator
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Split the columns into multiple tiles - Cascade the result

Wx 1 Wx 2

Mot .
i n

=

33



Split the columns into multiple tiles - cascade the result

Wx 1
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Split the columns into multiple tiles - Cascade the result

Wx 1
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Split the columns into multiple tiles - Cascade the result

Wx 1
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Cascade

Wx_ 1

Wx_2
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Problem

e The distribution happens on the “input size” of the model
e The bigger the chain of Al Tiles
e The more you need to wait for the partial results to be aggregated



Input PL

AIE hidden
feedback
broadcast

Rows RTP

Bias RTP

‘U*h

\/

index

Output of a

partial result



Multiply Accumulate: Rows

Vector register 1

Vector register 1

Z Ja1s1bal 10109\

Accumulator

&3
Il

N
T

Vector register 2
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Multiply Accumulate: Rows

>
Vector register 1 3
@ .
% Vector register 1
o}
N
$3 =

T

Vector register 2




Multiply Accumulate: Rows

- o
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Multiply Accumulate: Rows

<
D
Vector register 1 3
@ .
%. Vector register 1
T
N H Accumulator
&3 = AT Ty, S W

Vector register 2
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Multiply Accumulate: Rows

Vector register 1

EEEE NN

Vector register 1

Z Ja1s1bal 10109\

Il

T

Vector register 2




Multiply Accumulate: Rows

- o
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Aggregate partial results w Packet Stream: Merge

~

~N

aggr

Zp = O'(Wziltt + U;ht_l + bz)
r &t + Urht—l o br)

hi=(1-2)Oh1+20h
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Aggregation problem

e Pkt Split headers take too long to decode ~ 9.4 ns with data read
e This scales bad

Can we do better? Yes, use PL

Calculate rows, all at the same time

Utilize interface tiles as aggregators

You need to sort because Packets have non-deterministic behavior
Sort and apply LUT in the FPGA

Broadcast the result into the AIE kernels of the next gate



Going forward: Hybrid Solution

e Use the Al Engine only to distribute Matrix - Vector calculations

AlE

R:Wx R:Uh
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Going forward: Hybrid Solution

e Use the Al Engine only to distribute Matrix - Vector calculations

AlE
R:Wx || R:Uh e
— L
add
Z:\Wx Z:Uh *
add o o o

PL




Going forward: Hybrid Solution

e Use the Al Engine only to distribute Matrix - Vector calculations

AlE AlE
R:Wx || R:Uh e
\;d:j/ C:Wx C:Uh*R
Z:Wx || Z:Uh e
add o o o

PL PL




Going forward: Hybrid Solution

e Use the Al Engine only to distribute Matrix - Vector calculations

AlE

AlE

R:Wx R:Uh

add

C:Wx

C:Uh*R

add

PL

PL
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Going forward: Hybrid Solution

e Use the Al Engine only to distribute Matrix - Vector calculations

AlE

AlE

R:Wx R:Uh

add

C:Wx

C:Uh*R

add

PL

New
Hidden
State

PL

PL
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0 112

Aggregate - sort
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*** All numerical computations are done in FP32s ***

GRU HW Latency vs Input Size for Different Hidden Sizes
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Conclusion

e Unquantized FP32 model inference
e We can run “big” RNN models in microseconds
e That would never fit into an FPGA

e Difficult to program
e Insanely difficult to debug, especially for complex designs
e If you have the efficiency bug you're cooked

e You have to write PL (FPGA) code and Host (CPU) code to interact with



aiecompiler




mat_hidden_vec_mul(in stream<f t> in,
_stream<float> * __restrict out,

float (&weights)[HW_HIDDEN SIZE*DIST COEFF],
(&h_init)[HW_HIDDEN_SIZE]

H_ITER = HW_HIDDEN SIZE / VECTOR_LANES;

(32 e::accum<accfloat, VECTOR_LANES> acc;
) (32) ::vector<float, VECTOR_LANES> hidden[H_ITER];
5(32) aie::vector<float, VECTOR_LANES> * v_weights = (aie::vector<float, VECTOR_LANES>*) &weights;
(32) aie::vector<float, VECTOR_LANES> * v_hidden_init = (aie::vector<float, VECTOR_LANES>*) &h_init;

for (int i = @; i < H_ITER; i++) chess_loop_count(H_ITER)

hidden[i].insert(@,v_hidden_init[i]

for(int i = @; i< INF_REC_N; i++ ) chess_prepare for pipelining

for (int i = @; i < DIST_COEFF; i++) chess_loop_count DIST_CCEFF
acc = aie::zeros<accfloat, VECTOR_LANES>();
for (i j =@; j <H_ITER ; j++) chess_loop_count(H_ITER) chess_prepare_for_ pipelining
{
acc = aie::mac( acc,
hidden[j
v_weights[i*(H_ITER) + j
3
writeincr(out, aie::reduce_add(acc.to_vector<f t>(0)));
for (int i = @; i < H_ITER; i++) chess_loop_count(H_ITER) chess_prepare_for_ pipelining

hidden[i].insert(8,readincr_v<4>(in));
if (VECTOR_LANES == 8) { hidden[i].insert(1l, readincr_v<4>(in)); }







