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Nanosecond ML regression with deep BDT in FPGA for HEP

b11b10

b2qii: xb > 23

qiii: xa > 40b0

Decision tree structure

Destination bin Depth i Depth ii Depth iii Decision path Path #

b0 not(qi) not(qii) N/A not(qi) and not(qii) 0

b2 qi N/A N/A qi 1

b10 not(qi) qii not(qiii) not(qi) and qii and not(qiii) 2

b11 not(qi) qii qiii not(qi) and qii and qiii 3

Worked example

55 xa

xb

23

b0

b2

b10

2d plane: xa vs. xb

b11

40

Decision paths

Path 0

Path 1

Path 2

Path 3

qi: xa > 55

Figure 2: Deep decision tree with parallel decision path (PDP) structure. An example is shown in the leftmost
diagram for a decision tree using two variables (G0, G1) with a depth of 3. The equivalent representation in
the two-dimensional G0 vs. G1 space is given in the middle. The PDP perspective is given on the right. The
table at the bottom lists the logical comparisons per PDP.
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Figure 3: Average number of bins per tree h#18=i vs. maximum tree depth ⇡. The right vertical axis shows
the h#bini fraction with respect to the exponential scaling of 2⇡ to compare the points at ⇡ = 10.
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• FPGA	 Field programmable gate arrays 

• AE	 Autoencoder 

• DT-AE	 Decision Tree AE 

• Train DT-AE	→ Deploy Trees 

• Regression 

• Decision Tree structure 

• HLS vs. VHDL 

• Train VAE 	 → Deploy Trees 

• Data compression 

• Code & git & slides & videos

1st time showing

1st time showing

Outline
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Anomaly Detection

Introduction

Data Compression

Trees on FPGA



Why FPGA (vs. CPU)
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One operation per clock tick
typical timing 100-3 ms

Many operations per clock tick
typical latency ≪ μs, thruput ≫ 1 MHz

Animation from https://qbaylogic.com/wp-content/uploads/2024/05/Animation_CPU-vs-FPGA.mp4

https://qbaylogic.com/wp-content/uploads/2024/05/Animation_CPU-vs-FPGA.mp4


Autoencoder recap

2 0 1 ... 255 ... 0 0

... ... ... ... ... ... ... ...

500k 0 0 ... 231 ... 0 0
...

500k
3

2
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28 x 28 pixel images Corresponding MNIST data sample

=

Image 1

# pixels 	 282 	 = 	   784 
# bits per pixel 	 8-bits	 	       8 
# bits per image	 	 	 	 6272

×

16 x 16 pixel (1-bit)

# bits per image 	 162 •1	= 	   256 
Compression factor	 	 	  24.5

÷

6272

Compression isn’t hard, but 
autoencoder can do better

I traced the 
image by hand 

Image Pixel 1 Pixel 2 ... Pixel 
300 ... Pixel 

783
Pixel 
784

1 0 0 ... 240 ... 0 0

Example: handwritten digits



Meaning 
• Input-output distance is relatively small = good compression  
• Input-output distance is relatively large = bad compression 

Autoencoder recap
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784 variables (8-bit) 784 variables (8-bit)

300x compression

1 variable (20 bit)

Example: handwritten digits 	 	 	 (8-bit pixels on 28x28 grid) 
• Teach it 0, 1, 2, 3, 4 with a sample 	 (doesn’t know about 9!)



Strategy
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Deployment 
for online on FPGA

Training 
done offline on CPU

How should we call the autoencoder?

Decision tree-
based training

Neural network-
based design

Decision tree-
based design

Anomaly detection
• Govorkova et al.,

Nat. Mach. Intell. 4 (2022) 154

• CMS Collaboration,
Comput. Softw. Big Sci. 8 (2024) 11

Data compression
• Guglielmo et al.,

IEEE Trans. Nucl. Sci. 68 (2021) 2179

Not a comprehensive list

Anomaly detection
• Roche, TMH et al.,

Nat. Comm. 15 (2024) 3527
http://doi.org/10.1038/s41467-024-47704-8

• Ercikti & TMH using VHDL
This talk

Anomaly detection

• Gupta (for ATLAS)

Pheno Symposium 2025

https://indico.global/event/812/contributions/126571

Data compression

• This talk

Not sure if useful but 

certainly possible

Neural network-
based training

https://doi.org/10.1038/s42256-022-00441-3
https://doi.org/10.1038/s41467-024-47704-8
https://indico.global/event/812/contributions/126571
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I’ll start with these

7

Hong       
Pittsburgh

Deployment 
for online on FPGA

Training 
done offline on CPU

Decision tree-
based training

Neural network-
based design

Decision tree-
based design

Neural network-
based training



Autoencoders
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From CMS Machine Learning Group
https://cms-ml.github.io/documentation/training/autoencoders.html 

NN AE "Starcoder" DT-AE 
• Training is a black box, done offline
• Latent space is complex

• Training is sampling of 1d pdfs
• Latent space is simple / interpretable

• FPGA version simplified for anomaly at CMS • FPGA version can optionally skip latent sp.
From CMS Public Note, DP-2023/079
https://cds.cern.ch/record/2876546/files/DP2023_079.pdf

Anomaly Detection Neural Network 

4

The AXOL1TL anomaly detection uses a Variational Autoencoder (VAE). A dense feed-forward neural 
network reads in (pT, η, ϕ) hardware inputs of 19 L1 objects. The encoder network computes a latent 
space vector of Gaussian probability distributions, N(!8, "8). The decoder network reconstructs the 
original input from the latent space. 
 
 
  Loss = (1 − !) " − "̂

2
+ !

1
2 (#2 + $2 − 1  − log$2)

Reconstruction term Full regularization term

Equation: VAE loss function. The reconstruction term is computed from the difference between the 
input (x) and output (x̂) of the VAE. The second, full regularization term, is the Kullback–Leibler 
divergence (KL-divergence) between the latent space distribution and a standard normal distribution 
with mean μ and standard deviation ". The parameter β can be tuned to balance the reconstruction 
performance with more efficient latent space encoding. At inference time, the loss is approximated 
by the mean-squared term Σ!i

2 of the KL-divergence for latency considerations. This approximation 
has no impact on performance.

Image from
https://medium.com/@rushikesh.shende/autoencoders-variational-
autoencoders-vae-and-β-vae-ceba9998773d

Latent data is 
the bin number

Cross-outs 
are mine

Cross-outs 
are mine

DDTE-ad1

Distance
Processor

Sum

Δ = Σk Δk

x x̂0

x̂1

x̂K-1

x

x

Encoder DecoderEncoded data

Shown conceptually as
actual encode-decode
occur simultaneously.

Intermediate
output

Input data

ΔK-1

Δ1

Distance
Fn., Δ0

x

DDTE-adK-1

Metric

Find bin
location

Find bin
estimate

Bin
index

Deep Decision Tree Engine,
anomaly detector version

DDTE-ad0

x

...

for k = 0 .. K-1 trees

https://cms-ml.github.io/documentation/training/autoencoders.html
https://cds.cern.ch/record/2876546/files/DP2023_079.pdf


DT-AE training developed in-house
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X

Y

Training by sampling 1d projection of input variables 
• It’s doing density estimation 
• Encoding: Input variables → which bin it’s in 

Decoding returns “reconstruction point” 
• Decoding: Bin → median of the training data in that bin



10

Hong       
Pittsburgh

X

Y

Start over



Choose 1 variable, sample a cut
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X

Y



Repeat
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X

Y



Bins

13

Hong       
Pittsburgh

X

Y



Choose median value
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X

Y



How does this detect anomalies? 
• Define: Distance between input – output = anomaly score

AE becomes anomaly detector
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X

Y

• Anomaly 
• Input is not similar to training data 
• Will likely land in a large bin     

far from the reconstruction point

• Non-anomaly 
• Input is similar to training data 
• Will likely land in a small bin   

close to the reconstruction point



Decode? 
• Encode: input var → bin # 
• Decode: bin # → coord.

Realized we can skip latent space

16
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Bin x y

1 ... ...

2 ... ...

3 5 4

...

Incoming 
♥︎

Encode: 
return bin 3

Decode bin 3: 
return (5,4)

Encode is Decode: 
return (5,4)

(5,4)

3

No need to encode 
• Starcode: input var → coord.



hls4ml starcoder-hls
Clock speed 200 MHz 200 MHz

Latency 80 ns 30 ns
Interval 5 ns 5 ns

FF 0.5% 0.6%
LUT 3% 9%
DSP 1% 0.8%

BRAM 0.3% 0

Starcoder vs. hls4ml
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Distribution ROC curveWorks well 
• Physics 	 (plots) 
• FPGA 	 (table) 

Comparison 
• hls4ml NN-AE 

Nature Mach. Intell. 4 (2022) 154 

• Physics: comparable AUC 
• FPGA results 

Update 
• Starcoder result here uses 

HLS trees. Recently upgraded 
to VHDL trees (next slide)

https://doi.org/10.1038/s42256-022-00441-3


HLS vs. VHDL trees
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Starcoder got an update 
• HLS	 High-Level Synthesis 	 	 	 	 C code → RTL / VHDL / Verilog 

• VHDL	 VHSIC Hardware Description Language 	 write VHDL directly 
	 Very High-Speed Integrated Circuit 

• Tree design based on 
Serhiayenka, TMH et al.
NIM A 1072 (2025) 170209
http://doi.org/10.1016/j.nima.2025.170209

Results 
• VHDL is 3-5x more efficient 
• Finishing up final testbench 
• Will write-up in proceedings

starcoder-hls starcoder-vhdl
Clock speed 200 MHz 320 MHz

Latency 30 ns 25 ns
FF 0.6% 3.2x smaller

LUT 9% 5.3x smaller
DSP 0.8% 0

BRAM 0 0

http://doi.org/10.1016/j.nima.2025.170209


Now the diagonal - 1
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Deployment 
for online on FPGA

Training 
done offline on CPU

Decision tree-
based training

Neural network-
based design

Decision tree-
based design

Anomaly detection
• Gupta (for ATLAS)

Pheno Symposium 2025
https://indico.global/event/812/contributions/126571

Neural network-
based training

https://indico.global/event/812/contributions/126571


R. Gupta 8Training: Variational Autoencoder

Input variables:
6 in total. PT, η and φ
of two Level 1 Muons

● Data: enhanced bias 2024 data (ATL-DAQ-PUB-2016-002)
● Preselection: 2MU3VF
● At most 3 leading muons (leading in pT) per event.
● Train on unlabeled dimuon events 

(pT, η, ϕ of muon pairs) (details in backup).
● Consider all combinations (e.g. 3 muon pairs) 

for one event.
● Regressed variables in the model: mass, ΔR, Δϕ
● VAE architecture:

● Encoder: 4 layers 
● Latent space: 8D Gaussian (μ + σ → 16 values)
● Decoder reconstructs inputs + predicts auxiliary 
       vars (mμμ, ΔR, |Δϕ|)

● Anomaly score = average value over 8σ variables in latent 
space.

VAE variational autoencoder
Train VAE 

Regress 
• Carlson, TMH et al.

JINST 17, P09039 (2022)
http://doi.org/10.1088/1748-0221/17/09/P09039

Deploy Trees on FPGA
20
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Discard this part

http://doi.org/10.1088/1748-0221/17/09/P09039


How it looks like in an experiment
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R. Gupta 8Training: Variational Autoencoder

Input variables:
6 in total. PT, η and φ
of two Level 1 Muons

● Data: enhanced bias 2024 data (ATL-DAQ-PUB-2016-002)
● Preselection: 2MU3VF
● At most 3 leading muons (leading in pT) per event.
● Train on unlabeled dimuon events 

(pT, η, ϕ of muon pairs) (details in backup).
● Consider all combinations (e.g. 3 muon pairs) 

for one event.
● Regressed variables in the model: mass, ΔR, Δϕ
● VAE architecture:

● Encoder: 4 layers 
● Latent space: 8D Gaussian (μ + σ → 16 values)
● Decoder reconstructs inputs + predicts auxiliary 
       vars (mμμ, ΔR, |Δϕ|)

● Anomaly score = average value over 8σ variables in latent 
space.

R. Gupta 9Regression: Decision Tree
● train a BDT regression to learn the NN score
● Same 6 variables as inputs for the BDT (2 muons’ PT, η, φ)
● BDTs trained with TMVA: 200 trees, Depth of 20.

good linearity: 
BDT learns 
auto-encoder score

Source: https://twiki.cern.ch/twiki/bin/view/AtlasPublic/MuonTriggerPublicResults#NoMAD_Nanosecond_Anomaly_detecti

I’m not representing ATLAS today

R. Gupta 11Performance: Rate & Acceptance
● working point threshold is chosen at > 0.0302

○ Configurable threshold tuned to a benchmark L1 rate 
(~2 kHz)

○ Trigger rate is tunable by adjusting the threshold

○ AD trigger retains meaningful signal: Despite 
being anomaly-based and mass-agnostic, the 
selected events still contain the full structure of the 
signal mass peak.

○ Threshold applied on latent μ-based anomaly score 
(no mass used in training).

○ Signal peak survives without using mass in 
training

○ Substantial background rejection: Only ~6% of 
data events pass the AD score cut.

○ Non-trivial signal retention: ~ 9% of Bs → J/ψ + ϕ 
signal events survive the same selection.

Model trained unsupervised, deployed in real-time: This 
confirms that an L1-compatible anomaly trigger can operate 
independently of mass windows and still capture physically 
interesting events

Source: https://twiki.cern.ch/twiki/bin/view/AtlasPublic/MuonTriggerPublicResults#NoMAD_Nanosecond_Anomaly_detecti

• Gupta
Pheno Symposium 2025 in Pittsburgh 
https://indico.global/event/812/contributions/126571

Being commissioned at ATLAS 
• Train VAE for 3 muons 
• Executes in 1 clock tick (25 ns) 

Method 
• Chop-off the decoder 
• Regress the latent space variables 

Physics result 
• Unique B physics signal at L1

https://indico.global/event/812/contributions/126571


Now the diagonal - 2
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Deployment 
for online on FPGA

Training 
done offline on CPU

Decision tree-
based training

Neural network-
based design

Decision tree-
based design

Neural network-
based training

Data compression
• This talk
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Data compression using VAE
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Use toy calorimeter dataset 

Input
Layer ∈ ℝ⁴⁸

Hidden
Layer ∈ ℝ128

Hidden
Layer ∈ ℝ256

Hidden
Layer ∈ ℝ256

Hidden
Layer ∈ ℝ128

Output
Layer ∈ ℝ⁴⁸

Input x ∈ 𝑅48

(LayerNorm, ReLU) (LayerNorm, ReLU) (ReLU) (ReLU)

Inputs Outputs

Encoder Decoder

Mean

Variance

μ ∈ ℝᵈᶻ

log σ² 
∈ ℝᵈᶻ

Training: 𝑧 = 𝜇 + 𝜎.ϵ
Inference: 𝑧 = 𝜇

where ϵ ~ N (0,1)

Z ∈ ℝᵈᶻ

Sampled
Latent Vector

Where 
Latent-variables

to follow a
Standard Normal

Distribution

μ ∈ ℝᵈᶻ

log σ² 
∈ ℝᵈᶻ

Output x̂  ∈ ℝ⁴⁸

Layer-weighted MSE: (λ₀, λ₁, λ₂) = (0.5, 2.0, 1.5)

KL divergence 
(β = 0.1)

Total loss = Σ λᵢ·MSE(xi, x̂i) + β·DKL(q(z|x) ǁ 𝒩(0, I))

Latent Space ∈ ℝ4

Text

We convert this left 
part into decision trees

• Paganini, de Oliveira & Nachman
PRD 97 (2018) 1, 014021
http://doi.org/10.1103/PhysRevD.97.014021

from

http://doi.org/10.1103/PhysRevD.97.014021


μ̃μ̃μ̃

BDT regressors 
(distilled encoder)

BDT regressors 
(distilled encoder)BDT regressors 

(distilled encoder)

x ∈ ℝ48

NN encoder

Latent space ∈ ℝ4

characterized by 8 parameters

decodes z = μ + σ•ε
NN decoder

x̂  ∈ ℝ48

decodes z = μ̃
NN decoder

Model training using simulated data

Model distillation

Model deployment on hardware

BDT regressors 

One regressor per latent dimension
μ̃i , i = 0..3

BDT regressors 
(distilled encoder)BDT regressors 

(distilled encoder)

Arbitrary
distance

μ

σ

3-layer
ECAL

AE input

x ∈ ℝ512

Sensor
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Ta
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Target
variable
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NN decoderAE input Tabular encoder AE output

Distilled latent space ∈ ℝ4
characterized by 4 parameters

AE output

Figure 10: Distributions of total energy and energy fractions per calorimeter layer for positron showers. Black:
original showers; blue: VAE reconstructions using 𝐿 = 𝑀; orange: reconstructions using BDT–regressed
latent vectors 𝐿 = 𝑀. Agreement at the few–percent level demonstrates stability of the overall energy scale
and longitudinal energy sharing.

18

Tabular 
encoder
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• Gupta, TMH et al.,
Paper in preparation

• Physics is preserved

• Convert VAE into 
tabular format 

• Tabular? Next slide



Tabular?

Data in
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Nanosecond ML regression with deep BDT in FPGA for HEP

b11b10

b2qii: xb > 23

qiii: xa > 40b0

Decision tree structure

Destination bin Depth i Depth ii Depth iii Decision path Path #

b0 not(qi) not(qii) N/A not(qi) and not(qii) 0

b2 qi N/A N/A qi 1

b10 not(qi) qii not(qiii) not(qi) and qii and not(qiii) 2

b11 not(qi) qii qiii not(qi) and qii and qiii 3

Worked example

55 xa

xb

23

b0

b2

b10

2d plane: xa vs. xb

b11

40

Decision paths

Path 0

Path 1

Path 2

Path 3

qi: xa > 55

Figure 2: Deep decision tree with parallel decision path (PDP) structure. An example is shown in the leftmost
diagram for a decision tree using two variables (G0, G1) with a depth of 3. The equivalent representation in
the two-dimensional G0 vs. G1 space is given in the middle. The PDP perspective is given on the right. The
table at the bottom lists the logical comparisons per PDP.
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Figure 3: Average number of bins per tree h#18=i vs. maximum tree depth ⇡. The right vertical axis shows
the h#bini fraction with respect to the exponential scaling of 2⇡ to compare the points at ⇡ = 10.

8

Data out

Nanosecond ML regression with deep BDT in FPGA for HEP

b11b10

b2qii: xb > 23

qiii: xa > 40b0

Decision tree structure

Destination bin Depth i Depth ii Depth iii Decision path Path #

b0 not(qi) not(qii) N/A not(qi) and not(qii) 0

b2 qi N/A N/A qi 1

b10 not(qi) qii not(qiii) not(qi) and qii and not(qiii) 2

b11 not(qi) qii qiii not(qi) and qii and qiii 3

Worked example
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Figure 2: Deep decision tree with parallel decision path (PDP) structure. An example is shown in the leftmost
diagram for a decision tree using two variables (G0, G1) with a depth of 3. The equivalent representation in
the two-dimensional G0 vs. G1 space is given in the middle. The PDP perspective is given on the right. The
table at the bottom lists the logical comparisons per PDP.
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Figure 3: Average number of bins per tree h#18=i vs. maximum tree depth ⇡. The right vertical axis shows
the h#bini fraction with respect to the exponential scaling of 2⇡ to compare the points at ⇡ = 10.
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Nanosecond ML regression with deep BDT in FPGA for HEP

b11b10

b2qii: xb > 23

qiii: xa > 40b0

Decision tree structure

Destination bin Depth i Depth ii Depth iii Decision path Path #

b0 not(qi) not(qii) N/A not(qi) and not(qii) 0

b2 qi N/A N/A qi 1

b10 not(qi) qii not(qiii) not(qi) and qii and not(qiii) 2

b11 not(qi) qii qiii not(qi) and qii and qiii 3

Worked example
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Figure 2: Deep decision tree with parallel decision path (PDP) structure. An example is shown in the leftmost
diagram for a decision tree using two variables (G0, G1) with a depth of 3. The equivalent representation in
the two-dimensional G0 vs. G1 space is given in the middle. The PDP perspective is given on the right. The
table at the bottom lists the logical comparisons per PDP.
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Parallel implementation of decision tree on FPGA 
• B. Carlson, TMH et al.

J. Instrum. 17 (2022) P09039
http://doi.org/10.1088/1748-0221/17/09/P09039

http://doi.org/10.1088/1748-0221/17/09/P09039
http://doi.org/10.1088/1748-0221/17/09/P09039


Tabular design
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DDTE-ad1

Distance
Processor

Sum

Δ = Σk Δk

x x̂0

x̂1

x̂K-1

x

x

Encoder DecoderEncoded data

Shown conceptually as
actual encode-decode
occur simultaneously.

Intermediate
output

Input data

ΔK-1

Δ1

Distance
Fn., Δ0
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Find bin
location

Find bin
estimate

Bin
index

Deep Decision Tree Engine,
anomaly detector version

DDTE-ad0

x

...

for k = 0 .. K-1 trees

Stephen Roche
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Designed for L1 implementation

- Requires firmware, strict timing and latency requirements

- Use fwX package to implement regression & classification 
BDTs on FPGA 

- Results for regression below (classification uses same inputs 
and forest configuration)

Firmware implementation

Feature Value

Latency 2 clock ticks (50 ns) 

Interval 1 clock tick  (25 ns)

Flip-flops (FF) 10399 (0.44%)

Look-up tables (LUT) 13274 (1.1%)

Digital signal processors (DSPs) 0

Block-RAM (BRAM) 9 (0.36%)

Ultra-RAM (URAM) 0

Using Xilinx Ultrascale+ VU9P (vcu118) 
at 200 MHz

Serhiayenka, TMH et al.
NIM A 1072 (2025) 170209
http://doi.org/10.1016/j.nima.2025.170209

Parallel implementation

http://doi.org/10.1016/j.nima.2025.170209


Fun slide - question
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Can you guess what these are?

AE 
output

• Timofte et al.,
IEEE Workshop on Appl. of Comp. Vision, WACV 2009
https://btsd.ethz.ch/shareddata/publications/Timofte-WACV-2009.pdf

Hint: Belgian traffic signs 
https://btsd.ethz.ch/shareddata

https://btsd.ethz.ch/shareddata/publications/Timofte-WACV-2009.pdf
https://btsd.ethz.ch/shareddata


Fun slide - answer
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bicycle bicycle road ends don’t pass wrong way

Were you right?

AE 
output

AE 
input

Tabular VAE

• Timofte et al.,
IEEE Workshop on Appl. of Comp. Vision, WACV 2009
https://btsd.ethz.ch/shareddata/publications/Timofte-WACV-2009.pdf

https://btsd.ethz.ch/shareddata/publications/Timofte-WACV-2009.pdf


Python-based code
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Availability 
• gitlab.com/PittHongGroup/fwX 

parallel cuts 	 (paper 1) 

• Shared by email request 
parallel paths 	 (paper 2) 
autoencoder 	 (paper 3) 
hardware tree	 (paper 4) 

• Collaborators welcome

http://gitlab.com/PittHongGroup/fwX


Git structure
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• Xconfig 
creates model configuration 
tutorial - part 1

• Xfirmware 
writes HLS or VHDL 
tutorial - part 2 

• Vivado 
synthesize & testbench 
tutorial - part 3 

data

config file

HLS or 
VHDL

bitstream

testbench

Same structure for all methods 
• gitlab.com/PittHongGroup/fwX 

parallel cuts 	 (paper 1) - tutorial today 

• Available by request 
parallel paths 	 (paper 2) 
autoencoder 	 (paper 3) 
hardware tree	 (paper 4)

http://gitlab.com/PittHongGroup/fwX


FW testbench w/ IP available
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http://d-scholarship.pitt.edu/45784/ 

Autoencoder Firmware Testbench Tutorial 
 

Please download Vivado 2019.2 at the following link, if you do not currently have it: 
h>ps://www.xilinx.com/support/download/index.html/content/xilinx/en/downloadNav/vivado-design-

tools/archive.html 

 

Before Beginning 

 Before beginning, please make sure that you have (and know the locaHon of) the autoencoder IP 
folder, and the VHDL testbench files:  

Crea,ng New Project in Vivado 

 Open Vivado 2019.2 and select “create new Project.” On the following pop-up, select “next,” and 
you will be prompted to name the project. Name the project as you wish and choose a locaHon to store 
it. Keep clicking next unHl you reach a page that prompts you to select the part/ board. For this tutorial, 
we will be using the Virtex UltraScale+ VCU118 board. A[er you have selected your part or board, 
keeping clicking “next” unHl you have reached the end of the setup page.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Screenshots in the document

http://d-scholarship.pitt.edu/45784/


Start page 
• fwx.pitt.edu 

• Content 
Links to papers 
Links to talks 
Links to datasets 
Links to testbenches 

Tutorial 
• SMARTHEP Edge ML School 9/24/24 

Slides 
indico.cern.ch/event/1405026/contributions/6103378/ 

Videos on synthesizing & test bench 
indico.cern.ch/event/1405026/contributions/6103386/

More info
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http://fwx.pitt.edu
https://indico.cern.ch/event/1405026/contributions/6103378/
https://indico.cern.ch/event/1405026/contributions/6103386/

