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The idea:

We need:
● To be faster than the timescale of the physics ~ tens of μs
● Our model must be sophisticated enough to capture time correlations and keep memory of 

previous modulations
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The RNNs success story (the LSTM)

● Time series analysis / prediction

https://arxiv.org/pdf/2412.07997

https://www.sciencedirect.com/science/
article/pii/S0022169420311951
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The RNNs success story

● Multiple “Generative AI” applications in audio, imaging, text

https://arxiv.org/abs/1806.03027 https://arxiv.org/abs/1609.08144
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The RNNs success story

● Reinforcement Learning in gaming

https://arxiv.org/abs/2308.03526 https://arxiv.org/abs/1912.06680
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The RNNs success story

● as Controllers for Nuclear Fusion

https://www.sciencedirect.com/scie
nce/article/abs/pii/S092037962030
6554

https://www.nature.com/articles/s41586-02
1-04301-9

https://arxiv.org/abs/2307.11546
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● Particle track reconstruction

● Anomaly detection

● Classification

Possible cases 

7



The Gated Recurrent Unit ( LSTMs little cousin )

● This is the “temporal unrolled view” for RNNs

● 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.
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The Gated Recurrent Unit
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The Gated Recurrent Unit

● These are called gates
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The Gated Recurrent Unit

● Matrix - Vector Multiplication, which in general, W and U not of same 
dimensions 
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The Gated Recurrent Unit

● Matrix - Vector Multiplication 
● Activation Functions ( sigmoid - tanh)
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The Gated Recurrent Unit

● Matrix - Vector Multiplication 
● Activation Functions ( sigmoid - tanh)
● Element wise multiplication
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The Gated Recurrent Unit: Computational Dependencies

● Previous hidden state (or initialize it the first time)
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The Gated Recurrent Unit: Computational Dependencies

● Candidate hidden state gate needs relevance gate (R) vector
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The Gated Recurrent Unit: Computational Dependencies

● New hidden state gate needs the update gate (Z) vector
AND

● the Candidate hidden state gate (h_hat) vector
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The Versal AIE

● 400 Vector Processors with local memory
● Interconnects / Cascade / Mem Share
● Everything written in C++ (chess compiler)
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PL - AIE Connectivity

PL @ 
312.5Mhz

Interface
Tiles

AIE @ 
1.25Ghz
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A (very) simplified inside of a AIE Tile

32KB
Memory

Register 1

Register 2

Comp
Unit Accumulator Register

Stream
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Tile - Tile Connectivity: Memory Sharing (Local)

mem mem mem

mem

mem

v v

v

v

v

Block of Memory banks

Vectorized Processor

VecProc Input Port

VecProc Output Port

Stored data
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Tile - Tile Connectivity: AXI4 Stream Interconnect

mem v

mem v

mem v

s

s

b

s

bSwitch

Buffers 

● Each tile can have 2 stream 
inputs and 2 stream outputs
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Tile - Tile Connectivity: Cascade Stream (Local)

mem acc mem v

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

Accumulator
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Packet Stream ( split - merge)

● To use the same physical AXI4Stream for multiple source or destination 
● Headers can either be sent from PL targeting a AIE Tile or from Tile to Tile

PL PL

AIE Tile

Packet Stream
Routings over 
AXI4Stream
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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 Do a LUT on 
the result
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Organize multiple kernels into graphs
● 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

Add 2 results Do a LUTPL PL
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Organize into a top graph with multiple subgraphs

MAC 2 
vectors

MAC 2 
vectors

Add 2 
results

Do a 
LUT

MAC 2 
vectors

MAC 2 
vectors

Add 2 
results

Do a 
LUT

MAC 2 
vectors

MAC 2 
vectors

Add 2 
results

Do a 
LUT

PL Aggr

MAC 2 
vectors

MAC 2 
vectors

Add 2 
results

Do a 
LUT

MAC 2 
vectors

MAC 2 
vectors

Add 2 
results

Do a 
LUT

MAC 2 
vectors

MAC 2 
vectors

Add 2 
results

Do a 
LUT

Aggr PL
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Run Time Parameters

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

MAC 2 
vectors

MAC 2 
vectors

Add 2 
results Do a LUTPL PL

RTP
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*** All numerical computations are done in FP32s ***

● No post-training quantization needed

● AIE native vector data types of 4 or 8 FP32s “quantize” the MAC numerical 
operations as multiples of the vectors

● And therefore our matrices too are quantized

● In case of mismatch with the actual model:  Padd with zeros
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Distributive approach 

● Let’s consider the operations of this gate

● The Matrix - Vector Operations can be calculated concurrently 
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Distributive approach 

● Let’s consider the operations of this gate

● The Matrix - Vector Operations can be calculated concurrently 

● The same applies for all these terms
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How to perform Matrix - Vector multiplications

● Row wise you 
compute 1 
element of the 
resulting vector

● Column wise you 
compute a partial 
column of the 
result
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Remember? Inside a Tile

Stored Weights 
in local memory

Vector Register 1

Vector Register 2

M A C 
operation Accumulator Register

Stream of input vector

RTP
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Multiply Accumulate: Rows
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Multiply Accumulate: Rows

Vector register 1

Vector register 2

Vector register 1

Vector register 2

Accumulator
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Multiply Accumulate: Rows

Vector register 1

Vector register 2

Vector register 1

Vector register 2
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Multiply Accumulate: Rows

σ
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Multiply Accumulate: Rows

Vector register 1

Vector register 2

Vector register 1

Vector register 2

Accumulator
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Multiply Accumulate: Rows

Vector register 1

Vector register 2

Vector register 1

Vector register 2
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Multiply Accumulate: Rows

σ
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Aggregate partial results w Packet Stream: Merge

σ

σ

σ

σ

…… aggr
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Aggregate partial results w Packet Stream: Merge

…… aggr● Up to 32
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Rows (First Way)
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Rows (First Way)
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Rows (First Way)
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Rows (First Way)
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Rows (First Way)
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Rows (First Way)
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Same for all 3 gates

Trivial
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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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Multiply Accumulate: Columns

Accumulator
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Multiply Accumulate: Columns

σ

σ

σ

σ

53



Multiply Accumulate: Columns

Accumulator
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Columns (Second Way)
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Columns (Second Way)
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Columns (Second Way)
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Columns (Second Way)
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Columns (Second Way)
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Regarding the activation functions

Base Solution - Look Up Tables

● This is the only solution in FPGA fabric and has the potential to be very fast
● Lose in precision

● In the AI Engines we have less than 32KB of available memory for LUTs
● ~ 8000 indices ( - space we need for stack )
● Need to scale a random float to the index range and cast to int
● Random accessing memory is expensive, around ~ 70ns
● What happens to floating point computations with quantized activation 

functions?
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Regarding the activation functions

Cool Solution - Compute a spline

● Implement in the AI Engine 
● Change True Sigm and True Tanh with splines (here is 3rd order)
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Regarding the activation functions

Cool Solution - Compute a spline

● Train the model with the modified functions
● Here is how to implement a kernel that computes a single spline:

Wx Uh b n
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Regarding the activation functions

Cool Solution - Compute a spline

● Train the model with the modified functions
● Here is how to implement a kernel that computes a single spline:

Wx Uh b n

n n n2

n2 n n3

n3 n2 n5

…
63



Regarding the activation functions

Cool Solution - Compute a spline

● Train the model with the modified functions
● Here is how to implement a kernel that computes a single spline:

n

n n n2

n2 n n3

n3 n2 n5

…

1.0

n

n3

n5
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Regarding the activation functions

Cool Solution - Compute a spline

● Train the model with the modified functions
● Here is how to implement a kernel that computes a single spline:

n

n n n2

n2 n n3

n3 n2 n5

…

1.0

n

n3

n5

c0

c1

c2

c3 ~ 56 ns in FP precision
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Latencies ( AIE hw emulation ) for Row implementation

X_size = H_size Latency (ns) Resources

4 408.8 40

8 524 76

12 693 112

16 808.8 148

20 1012 184

24 1036 220

28 1129 256

32 1410.4 292

● In FP32 precision and LUTs
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Latencies ( AIE hw emulation ) for Row implementation

X_size Latency (ns) Resources

64 2376 292

512 2576 292

1024 5238 292



Matrix Dimensions Problem

W: H x X

U:  H x H

● Matrices don’t have the same size
● Means that we need to further distribute the computations so that all 

Matrix-Vector kernels are doing the same amount of MAC operations

● We are working on this
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Solution: Further Partially Compute (need more tiles)

Wx_1 Wx_2
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And use Cascade

Wx_1 Wx_2

● **We are working on this
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Free Running Kernels

● All kernels are “free running”, meaning that they never stop and stall when 
they are waiting to accept inputs or pass outputs

● The compiler cannot clearly understand this behavior and schedules reads 
and writes on the same cycle, stalling the whole pipeline

Solution:

● Use scheduling pragma to direct the compiler
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Memory allocation

● LUTs get allocated in stack memory and the tool thinks that every kernel will 
be using the same stack

Possible Solution:

● Manually allocate stack for each kernel
● We are working on this

(or just use the spline thing)

72



Data Congestion

● Correct Tile placement can optimize further data aggregation

● It is arguable if the Mapper / Placer provided by the tool is doing the best 
optimization
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Outside the Hardware

● You need to reshape the trained parameters correctly (sometimes it's not that 
trivial and it depends on how you designed the MAC operations)

● Then pass them as RTPs in the Hardware

● In case you want to replace LUTs with computing splines for Activations, you 
need to design your own pytorch activation function classes 
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Going forward: Hybrid Solution

● Use the AI Engine only to distribute Matrix - Vector calculations

PL

R:Wx R:Uh

add

Z:Wx Z:Uh

add

AIE
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Going forward: Hybrid Solution

● Use the AI Engine only to distribute Matrix - Vector calculations

PL

R:Wx R:Uh

add

Z:Wx Z:Uh

add

AIE
add

add

σ σ σ

σ σ σ
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Going forward: Hybrid Solution

● Use the AI Engine only to distribute Matrix - Vector calculations

PL

R:Wx R:Uh

add

Z:Wx Z:Uh

add

AIE
add

add

σ σ σ

σ σ σ

PL

C:Wx C:Uh*R

add

AIE
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Going forward: Hybrid Solution

● Use the AI Engine only to distribute Matrix - Vector calculations

PL

R:Wx R:Uh

add

Z:Wx Z:Uh

add

AIE
add

add

σ σ σ

σ σ σ

PL

C:Wx C:Uh*R

add

AIE
add

tanh tanh tanh

tanh tanh tanh
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Going forward: Hybrid Solution

● Use the AI Engine only to distribute Matrix - Vector calculations

PL

R:Wx R:Uh

add

Z:Wx Z:Uh

add

AIE
add

add

σ σ σ

σ σ σ

PL

C:Wx C:Uh*R

add

AIE
add

tanh tanh tanh

tanh tanh tanh

PL

New
Hidden
State
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Going forward: Implementing other models

● Once we unlock the GRU we could easily design an LSTM on the same 
principles

● Or even more cutting edge models, such as xLSTM and RWKV

https://arxiv.org/pdf/2405.04517 https://arxiv.org/pdf/2305.13048 80
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A final remark

● In an reinforcement learning framework these powerful models are “machine 
agnostic”, they just need time to explore the action space (and hp tuning) and 
need one forward pass

● They just work towards their single goal which is represented by a Loss Function:
○ Minimize standard deviation of some signal ( control instabilities )
○ Maximize gate fidelity ( qubits )
○ Weighted combinations of metrics / loss functions appropriate for the problem

● The faster you act, the better you control phase space trajectories in dynamical 
systems
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Thank you for your attention
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https://github.com/Msapkas/gru_aie


