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1. Why on edge training for NN accelerators?

Inference only vs Trainability:
— Traditional approach: train on cloud + inference on edge

— models drift, data evolves, accuracy drops oo 10T ANALYTICS
Global loT market forecast (in billions of connected IloT devices)
Number of glabal active loT connections (installed base) in billions
[ [ [ 50
On-edge training benefits: -
— Latency = instant adaptation, no cloud delay ”
— Bandwidth - no raw data streaming to server *
— Privacy - sensitive data never leaves device .
— Personalization - user- or device-specific models .

o Gon) = caGR
2019a 2020a 2021a 2022a 2023a 2024f 2025f 2026f 2027f 2028f 2029f 2030f -

Constraints & challenges:
— Ultra-tight power & memory budgets
— No labels at the edge (unsupervised / self-supervised)
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2. Canonical training algorithm = Backpropagation 101

Neural Networks as Mappings

e Learnable function oL oL L af r®
fo: R" — R™
o Loss L(fy(x),y) = error

e Optimize # to minimize total
loss over data

Backpropagation (BP)

e Uses chain rule to compute
Vol

e Propagates loss from output
— input

200 ~ 35 dl1 97D 300

e Updates weights:
0 0—nVeLl
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3. Our contribution: Extending hls4ml for autograd

p C++

3_out complete dimsd
Soshe,
precision VAN A
strategy \

W XILINX

VIVADO'" | & VITIS.

HLS A

i
@ m - SSSSS
mrnna

*Mia Liu, CPAD 2023 @ Stanford - Link
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https://indico.slac.stanford.edu/event/8288/contributions/7775/attachments/3762/10162/HLS4ML_CPAD2023_SLAC_Nov09.pdf

3. Our contribution: Extending hls4ml for autograd

Inference hls4ml

Inference-only his4ml
* Forward pass

. data

* Pipelines data_in out

* Latency optimized ctl

* DATAFLOW in - out
Enabol’d hisdml
*  Loss computation

(provided ref)
e Gradients flow
Loss
*  Multi-batch training
—  Accumulators Gradient flow V ’ L\ v ) \ V . L .
*  Weight + bias updates
. ground

*  Avoid overflow truth
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3. Our contribution: Extending hls4ml for autograd

Layer (type} aras #

g

Layerd_put [N_LAYER 3]
LS ARRAY_PARTITION voriab

5_out (N_LAYER S ;
4 196) 1,764 RAY_PARTITION variab

r6_t layers_out [N_LAYER 51;
LS ARRAY_PARTITION variable=layerf_out complete

=
n)
A
2
l

M O P
K S O
precision EROYRN
strategy
trainable

W XILINX

# COMPILE THE MODEL VlVADO'
hls_model, config = enabol.compile_model(model, dataset, ; y V' VITIS

output_dir = output_dir, HLS \

trainable = True, .

part = 'xcku@35-fbva676-2-e', CEHEIDUWL

io_type = 'io_parallel', o

backend = 'Vivado', \\
strategy = 'Latency’, /

reuse factor =1,
tracing = True, a
granularity = 'name’, ASICs
default_precision = default_precision, e
verbose = True,

overwrite = True)

*Mia Liu, CPAD 2023 @ Stanford - Link
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4. Implementation details ()

Under the hood

* Autograd definitions
—  Back pass for layers
—  Loss definitions
— Helper functions for grads, batching, etc.
* Vitis/Vivado Templates
— Modified to add autograd (if model is trainable)
— Modified testbenching for training + logging
. Extended vivado_writer.py to generate:
—  Config structs w/ accumulators
— Backward layer wrappers
— Loss modules with correct grad scaling

Batch-training support:
— apply_update, batch_size, learning_rate

#include siostream>

#include "myproject.h"

// hls-fpga-machine-learning autograd-loss-log-insert
// hls-fpga-machine-learning insert namespace-start
void myproject(
// hls-fpga-machine-learning insert header
)ied
// hls-fpga-machine-learning insert IO
// hls-fpga-machine-learning insert load weights
//

// NETWORK INSTANTIATION
//

// hls-fpga-machine-learning insert layers
// [@manuelblancovalentin] autograd layer wrappers
// hls-fpga-machine-learning autograd-layer-wrappers

}

// hls-fpga-machine-learning insert namespace-end

v vivado

> ap_types

v autograd
autograd_defines.h
nnet_activation_backprop.h 3
nnet_common_backprop.h
nnet_conv_backprop.h
nnet_dense_backprop.h
nnet_pooling_backprop.h
trainer_helpers.h

OO0 00N OO0

weights_io.h
> firmware

v losses

binary_crossentropy.h
categorical_crossentropy.h
cosine_similarity.h
kldivergence.h

mae.h

mape.h

mse.h

(o I o N o IO YO 2 T VO 0 O )

msle.h
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4. Implementation details (lll)

What’s supported?

Dense  Convid Conv2d Batch Poolingld Pooling2d  Inverse Conv/ RNN/LSTM /
norm Upsampling / GRU

MSE MAE MAPE MSLE @ Crossentropy KLDiv Cosine-sim

Fully working & tested
A Implementing but debugging/testing

Linear =~ RelU Sigmoid  Tanh = Softmax SelLU leakyRelLU % Not implemented yet

Vivado/Vitis ~ Catapult = Oneapi  Quartus  Symbolic
AdaDelta  AdaGrad  RMSprop
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Loss
e | 055 [ (EMA)

5. MNIST AE - Unsupervised ) ! e o
* Dataset:
— 2x Downsampled images
—  Batch-size of 8
— Not randomized
— Only ~160 samples out of 70k (speed)

30 A

20 A

Mean Squared Error

10 4

* Training
_ Vani”a SGD 0 1000 2000_ . 3000 4000 5000
. Training Iterations 3’412 para ms
— Constant learning rate

—  No hyperparameter tunning
— No batchnorm

(2, 196)
—

(?,196)

Flatten

Dense

Dense
Reshape

*Forward-stage: latency-opt (?,14,14) (?,14,14)

*Backward-stage: resource-opt
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Sample Evolution - Epoch 1 Reference

5. MNIST AE - Unsupervised

* Dataset:

— 2x Downsampled images

—  Batch-size of 8

— Not randomized

— Only ~160 samples out of 70k (speed)
* Training -
—  Vanilla SGD
— Constant learning rate

— No hyperparameter tunning sorErEE w3 epoch 1
- No batchnorm o5 Jomt e e
2.0 4++—
153+
1.0 +—
0.5 4—
*Forward-stage: latency-opt e [y s -

*Backward-stage: resource-opt
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5. MNIST AE — Unsupervised (Il)

BRAM1 | DSP48E FF LUT Reported
8K Latency ] .
(cycles)* Relative proportion

Forward Dense 0 13,110 84,717 86,234 55,512* 100.00% 70.94%  86.13%  89.32% 90.90%
(Inference) 1
Forward 0 0 0 320 320*
Activation 0.8
Backward 12 32,000 526,101 723,679 557,665* 0.6
Dense
(Training) 0.4
Top 115 18,858 908,901 1,475,998  788*
0.2
(end-to-end)
e g H B =

*  Backprop overhead breakdown: BRAM_18K DSP48E FF LUT Latency

- o~ ”

4.1x DSPs PR B Forward Dense + Act Backward Dense
—  ~6.2x FFs -
o -
—  ~8.4xLUTs -
-

—

— BRAMshows up only in backprop =
*Latency from csynth sub-reports; not equal to top due to pipelining.
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6. Tokamak Fusion application — Unsupervised

* Fusion Model for real-time MHD instability
TV suppression

— Real-time feedback is critical to stabilize fusion plasmas
where instabilities evolve on microsecond timescales.

Toro.damnay v 7 — Plasma conditions and diagnostic signals change over
P°'°-da'A"av s time. Continuous retraining directly on FPGA/edge
hardware is needed to keep pace with changing data
/' distributions.
e = mL oy ° Trainin g res ults (tiny version, compressed input)
=
a Loss
35 } w— LOSS [ (EMA)
High-speed cameras Loss 1-0 (EMA)
(@) 30
§< Figure 2.2: Diagnostics and control coils in the HBT-EP device.
Ry 5 251
2 £
g; w
? 20
[1x[1] Pl
control request g
10 A
]
s
0]

0 200 400 600 800 1000 1200 1400
Training Iterations
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6. Tokamak Fusion application — Unsupervised

* Fusion Model for real-time MHD instability
suppression

— Real-time feedback is critical to stabilize fusion plasmas
where instabilities evolve on microsecond timescales.

—  Plasma conditions and diagnostic signals change over
time. Continuous retraining directly on FPGA/edge
hardware is needed to keep pace with changing data
distributions.

Control Magnetic ° SynthGSis results (tiny version, compressed input)

coils = feedback sensors

—d ; BRAM1 | DSPASE FF LUT Reported
High-speed cameras 8K Latency
(cycles)

0 129

Toroidal Array EUV —7
Poloidal Array

g Figure 2.2: Diagnostics and control coils in the HBT-EP device.
3 Forward Dense 19,428 47,769 1,442
@ (Inference)
Forward 0 0 0 17,678 3
[1+[] Activation
control request
] Backward 40 2,260 198,884 481,940 30,136
Dense
(Training)
Top 40 2389 218,312 547387 31581

(end-to-end)
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7.

Conclusions

Takeouts

Northwestern

First extension of hlsdml to support on-chip
backpropagation & training

Modular autograd framework: backward pass for layers,
loss modules, gradient flow

Preserves usability: minimal user change
(trainable=True)

Demonstrated proof-of-concept training

Preliminary hardware results: clear resource/latency
trade-offs between forward and backward passes

Established foundation for future hardware training
research

02/09/25

7\ N

hISm |

\ s

Future directions

. Next steps

Add support for optimizers, layers, losses, activations,
backends...

Extend more complex models (GANs, Attention,
Transformers...)

Support inner-layer losses

. Opens door for:

Continual learning
Adaptive detectors/classifiers on edge

AE for anomaly detection on sensors (cryoAl)
Encoding

Push toward ASIC implementation for energy
efficiency

Integration with ESP platform for deployment
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7. Conclusions

Takeouts

. First extension of hlsdml to support on-chip
backpropagation & training

Future directions

. Modular autograd framework: backward pass for layers,
loss modules, gradient flow /7 JaakB SRAM
Data storage: Anomaly detection ML
. Preserves usability: minimal user change 8x(8192x32b) Ny - Autograd
(trainable=True) 16kB SRAM RPN g
Boot: o °
- 4x(4096x8b g =i
»  Demonstrated proof-of-concept training x(4096x8b) 18k-param AL ~> gkeras @
o On-chip mem tile NoC
. Preliminary hardware results: clear

resource/power/latency trade-offs between forward and
backward passes

NoC 10 tile

[ |
. Established foundation for future hardware trail -
research

LP - Ibex 32bit
RISC-V
processor

Auxiliary 10 signal
handling

- "

e
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Thank you for your attention!
Questions?

PhD Cand. Manuel B Valentin

B manuel.valentin@northwestern.edu
.. github.com/manuelblancovalentin
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