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The mission of the Undergraduate Research Program (URP) is to develop first-in-class research opportunities 
that lead to UCLA Samueli Engineering undergraduates who are well-informed about career opportunities in 
both academic and corporate settings. This year, through new collaborations and two new courses, ENGR 24 
and 25, URP guides students in leveraging their research experience into future opportunities. This program 
also facilitates the recognition and celebration of student research through the publication of its very own 
research journal. Following participation in this program, URP participants are able to:

• Decipher technical journal articles

• Effectively and professionally communicate research results in presentation and poster formats

• Participate in Engineering Research with UCLA Faculty and Staff

• Meet and network with peers who have similar goals and interests

• Become more competitive when applying to graduate schools

I would like to congratulate the 2019-2020 URP Cohort on the completion of their amazing research projects. 
Performing hands on research and creating new knowledge is an extremely intensive task. These high 
performing students have done an incredible job and should be very proud of their work. I encourage you to 
learn about the amazing new knowledge that is being created here at the UCLA Henry Samueli School of 
Engineering and Applied Science. 

Sincerely,

Jayathi Murthy 
Ronald and Valerie Sugar Dean
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On Background Knowledge and Robust-
ness

We consider the role that background knowledge can play on the robustness of 
a classifier. It has been widely recognized that while deep neural networks are 
highly performant, they can also become quite brittle when presented with ex-
amples that deviate from the training set. For example, it is possible to fool a neu-
ral network into thinking a stop sign is a speed limit sign, just by adding a small 
amount of noise to the image. It stands to reason that encoding knowledge into a 
classifier would make it more robust to certain adversarial attacks. For example, 
if we can encode the fact that a stop sign is red and octagonal, then we might 
expect that it becomes much more difficult to trick the classifier into thinking it is 
a speed limit sign, just by perturbing some pixels. To illustrate these points, we 
conduct a study in a simple image classification task, and demonstrate (1) how 
sensitive neural networks are to the introduction of artifacts in the data, and (2) 
how background knowledge can improve the robustness of a classifier that can 
accept such knowledge, such as a Bayesian network classifier.
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INTRODUCTION

On Background Knowledge and Robustness 
Yizuo Chen and Arthur Choi and Adnan Darwiche

Problem: A STOP sign with 

“graffiti” may trick a Neural 

Network into labeling it as 

speed limit sign.

CLASSIFIERS

We consider the following three 

classifiers:
 Bayesian Networks (BN): We encode the 

fact that a rectangle has a height, a width, 

and an upper-left corner. We then build a 

BN based on the causal relationships 

among these properties and pixel values.

 Bayesian Networks with Background 

Knowledge (BN+BK):  we use the same 

causal structure as BN, but we also inject 

background knowledge into Conditional 

Probability Tables (CPTs), meaning that we 

put constraints on the CPT values.
 Convolutional Neural Networks (CNN): 

we construct a CNN to compare the 

performance with Bayesian networks. 

 

BACKGROUND KNOWLEDGE CASE STUDIES

Bayesian Networks allow us to add 

background knowledge on CPTs. We 

present three types of background 

knowledge for BN+BK:
 Functional Dependency: given parents, 

exactly one value of child is set to 1, 

other values are set to 0.
 Zero Probabilities: given parents, some 

values in the child domain can be 

eliminated; therefore, we set these CPT 

instantiations to 0.
 Tied Probabilities: Some CPTs may share 

a common conditional probability 

distribution.

DATA GENERATION

Three types of noise can be added to 

clean images:
Removal noise: pixels are removed from 

the main rectangle (the rectangle 

generated in the clean image).
 Rectangle noise: rectangle-shape noise 

added to the background.
 Pixel noise: pixels flipped in the 

background.

ROBUSTNESS

We test the Robustness of the 

classifers by varying the following two 

properties of training and testing 

dataset:
 Noise Level: the amount of noise added 

to an image.

 Noise Type: the type (shape) of noise 

added to the noisy images. In this case, 

we may inject horizontal paired or 

vertical paired noise into images.

Noise Level: we train the classifiers 

with “Medium” noise level and test on 

seven different noise levels.

Noise Type: we train the classifiers 

with one type of noise (horizontal 

paired or vertical paired) and test with 

the other type of noise.

CONCLUSION

 The performance of neural networks 

degrades when presented with more 

noise or different types of noise than 

what appeared in the training data.
 Bayesian networks given background 

knowledge is more robust to 

increased noise or the introduction of 

novel types of noise. 

REFERENCES

A classifier will be less likely to  be tricked 

by small noise if we encode the 

background knowledge that a STOP sign is 

red and octagonal.

Task: To verify the effect of background 

knowledge, we present a case study on a 

simple classification task: recognizing 

shapes. We consider a dataset consisting 

of black & white images of rectangles, 

where we train classifiers to predict 

whether the rectangle is tall or wide.

Robustness:  We test the robustness of 

the classifiers by varying the noise in the 

training and testing datasets. 

Choi, A. and Darwiche, A. (2018). On the relative expressiveness of 

Bayesian and neural networks. In Proceedings of the 9th International 

Conference on Probabilistic Graphical Models (PGM).

Choi, A., Wang, R., and Darwiche, A. (2019). On the relative 

expressiveness of Bayesian and neural networks.

International Journal of Approximate Reasoning (IJAR), 113:303–323.

Darwiche, A. (2020). An advance on variable elimination with 

applications to tensor-based computation. In ECAI.
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Accurate Concrete Strength Prediction 
Based on Two-Stage Ensemble Machine 
Learning

Concrete is the most produced man-made construction material. Strength is of 
special importance in concrete production, as insufficient strength often raises 
safety concerns. Due to the lack of a reliable guideline for accurate strength 
prediction, overdesign of strength results in a huge waste of raw material, higher 
material expenditure, and larger CO2 emission. Despite the effort made by 
researchers over the past 100 years, our current knowledge is still deficient to 
untangle the complexity of non-linear correlations between strength and various 
factors such as material proportions, mixing protocol, and ambient conditions. 
Nowadays, data-driven machine learning techniques provide new possibilities 
to advance strength prediction. In our research, we approach this problem with 
a two-stage stacking learning machine. This machine has various learning algo-
rithms ensembled in each of its two stages. The first stage focuses on proposing 
intrinsic characteristics that are related to the strength more directly, and the 
second stage is designed to maximize the prediction accuracy with the first-stage 
outputs. Strategically, this model structure encourages a more thorough consider-
ation of the different solutions for the strength prediction task, but also avoids the 
potential bias associated with the use of any single learning machines. Based on 
the analysis, the superior performance of our model has been demonstrated with 
big data collected from real concrete production.
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Concrete is the most produced man-made construction material.
Strength is of special importance in concrete production, as
insufficient strength often raises safety concerns. However, our
current knowledge is still deficient to untangle the complexity of
non-linear correlations between strength and various factors such as
material proportions, mixing protocol, and ambient conditions.
Nowadays, data-driven machine learning techniques provide new
possibilities to advance strength prediction.

Utilizing concrete’s formation speed (early/late) as an indicator, we
propose a novel Two-Stage Ensemble Learning Machine that
demonstrates superior performance in concrete strength prediction
compared to traditional single learning machines.

Accurate Concrete Strength Prediction
Based on Two-Stage Ensemble Machine Learning
Huizi Yu, Zhanyuan Yin, Lu Cheng, Ollie Kurilov and Mathieu Bauchy
Department of Civil and Environmental Engineering, University of California, Los Angeles

Data & Method
We use a dataset of concrete measures collected in the industrial
concrete production, with different amounts of data available for 12
mixing inputs. After the initial cleaning of removing outliers, 7441
data points are available for our analysis. We use the following 6
mixing variables as inputs and concrete’s 28-day strength as output.

Selected Variables Explanation

W/CM Water/Cement Ratio

Fine Aggregate Fraction % Proportion of Fine Aggregates in Ingredients

Cement Fraction % Proportion of Cement in Ingredients

Fraction Fly Ash % Proportion of Fly Ash in Ingredients

AEA dose (oz/cwt) Air-Entraining Agents

WRA dose (oz/cwt) Water-Reducing Admixtures

Ø Overall Model Structure

Ø First Stage Classification Model (Stacked Model 1)

Ø Second Stage Regression Model (Stacked Model 2)

Ø First Stage Classification

Actual Early Actual Late

Predicted 
Early 3211 1106

Predicted 
Late 763 2361

Metrics Value

Accuracy 0.74

Sensitivity 0.80

Specificity 0.68

F1 0.77

Our first stage model, whose aim is to differentiate between the 
early and late concrete samples, implements 6 classification models
(base models) after the removal of the confounding data points to 
maximize prediction accuracy. The outputs of the individual models
are then aggregated using the support vector machine algorithm
(second layer model) to classify early and late concrete.

Ø Second Stage Regression (10 repeated tests)

Stacked Model Average Testing 
R_squared

Random Forest with 
Indicator 0.632

LASSO with Indicator 0.643

Random Forest w/o 
Indicator 0.624

LASSO w/o Indicator 0.636

ML Model Used Abbreviation

Generalized Linear Model glmnet

K Nearest Neighbors KNN

Linear Discriminant Analysis LDA

Random Forest RF

Neural Network nnet

ML Model Used Abbreviation

Gradient Boosting XGB

Support Vector Machine SVM

Generalized Additive Model GAM

Lasso Regression Lasso

Support Vector Machine 
Radial Kernel

SVMRadial

Conclusion
Ø The Two-Stage Ensemble Learning Machine outperforms

the baseline model using Random Forest as Regressor. We
observe a testing R- Squared increase from 0.60 to 0.643.

Ø For two-step models, ensembling more regressors in the
first layer will improve the performance of the model, while
simpler, explainable, parametric model serves better in the
second layer.

Ø Accurate prediction of concrete’s formation speed has
meaningful application in industrial concrete production;
the formation speed of the concrete also contributes to the
prediction of the final concrete strength.

Single Model Average Testing 
R_squared

Random Forest 0.60

We develop a novel Two-Stage Ensemble Learning Machine that has
various learning algorithms ensembled in each of its two stages.

We then introduce the early/late classification of the first
classification model as a new binary input variable. Using a similar 
structure as the first stage model, the second regression model
aggregates concrete’s 28-day strength predictions from 5 regression
models (base models) with Least Absolute Shrinkage and Selection
Operator (second layer model).

Presented at UCLA Undergraduate Research Conference 2020

Our first stage model correctly
classifies 74% of concrete samples
to corresponding early / late class.

LASSO with concrete formation
speed indicator yields highest
prediction accuracy of 0.643.
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Cybersecurity for Electrical Vehicle Charg-
ing Systems

Electric Vehicles (EV) are becoming more popular and there is a growing 
demand for more robust cybersecurity. Data that is altered or falsified for any 
component in a future smart charging network will have a negative impact on EV 
charging, local businesses, and the grid system. Through the use of current EV 
charging networks, simulated building load optimizations, simulated EV charg-
ing scheduling, and Greedy Gaussian Segmentation (GGS) our team hopes to 
create a new approach to EV cybersecurity. Our approach begins by simulating 
data from a future EV charging network in order to test our algorithm. We intend 
to use correlations between network components as input for the GGS algorithm 
which will identify anomalous data. These cases will be compared with enforced 
false data in order to identify the nature of the anomalies and whether or not our 
system as at risk.
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Cybersecurity for Electric Vehicle Charging Systems
Cole Rodgers1, Zachary Lau2, Yu-Wei Chung1, Rajit Gadh PhD1, Peter Chu PhD1

1 Department of Mechanical and Aerospace Engineering, 2 Department of Electrical and Computer Engineering

BackgroundAbstract

Building and EV Charging Load Optimization
    EV Charging Correlation Network

Results and Conclusion 

Approach: GGS (Greedy Gaussian Segmentation)

Figure 2: EV integrated system

Unfortunately, we do not have access to data output from smart charging stations that incorporate 
all of the components in Figure 1. To overcome this we simulated a future smart charging 
system. Given raw building load and dynamic price data we implemented a linear programming 
algorithm to reallocate the building load to minimize the price paid for electricity.[2][3] This 
program operated under the constraint that no more than 20% of the load at any given point in 
time could be reallocated to some other point in time. The blue line in Figure 3 represents the 
Coordinated Load (C) while the red line represents the original Uncoordinated Load (UC). 
Based upon the intelligent building load, solar power generation, dynamic electricity price, and 
original EV charging data we implemented a quadratic programming algorithm that produced a 
charging schedule that minimized load variance and price for charging.[3] This is depicted in 
Figure 4 by the blue line Coordinated Charging (CC) while the red line is Uncoordinated 
Charging (UCC). After completing this our research team could continue on to develop a threat 
detection approach relevant to future charging systems.

Acknowledgements/ References
We would like to thank the entire SMERC Lab. We would especially like to thank Yu-Wei Chung. He was an insightful, caring, and great leader throughout our research process.
[1]  D.  Hallac,  P.  Nystrup,  and  S.  Boyd,  “Greedy  gaussian segmentation  of  multivariate  time  series,” Advances  in Data Analysis and Classification, vol. 13, no. 3, pp. 727–751, 2019.
[2]  Cornell   University   -   Energy   Management   Control System    (EMCS),    “Real    time    building    utility    use data,”  https://portal.emcs.cornell.edu/d/2/dashboard-list? orgId=2, 2019.
[3]  ISO  New  England,  “Pricing  report  -  preliminary  real-time  hourly  lmps,”  https://www.iso-ne.com/isoexpress/web/reports/pricing/-/tree/lmps-rt-hourly-prelim, 2019.
[4]  Y.-W. Chung, B. Khaki, C. Chu, and R. Gadh, “Electric vehicle  user  behavior  prediction  using  hybrid  kernel density  estimator,”  in 2018  IEEE  International  Conference on Probabilistic Methods Applied to Power Systems (PMAPS 2018), 2018, pp. 1–6.
[5]  Y.-W. Chung, M. Mathew, C. Rodgers, “The Framework of Invariant Electric Vehicle Charging Network for Anomaly Detection,” 2020

Figure 1: Future Charging Network

Figure 4: EV Charging Schedule

Figure 5: GGS Algorithm

Our anomaly 
detection approach 
involves separating 
correlation data by 
the method of 
Greedy Gaussian 
Segmentation which 
is explained in 
Figure 5. Within 
these segments the 
mean and covariance 
of the correlations 
are considered to be 
constant and 
independent from 
other segments.

Electric Vehicles (EV) are becoming more popular and there is a growing demand for more 
robust cybersecurity. Data that is altered or falsified for any component in a future smart 
charging network will have a negative impact on EV charging, local businesses, and the grid 
system. Through the use of current EV charging networks, simulated building load 
optimizations, simulated EV charging scheduling, and Greedy Gaussian Segmentation (GGS)[1] 
our team hopes to create a new approach to EV cybersecurity. Our approach begins by 
simulating data from a future EV charging network in order to test our algorithm. We intend to 
use correlations between network components as input for the GGS algorithm which will 
identify anomalous data. These cases will be compared with enforced false data in order to 
identify the nature of the anomalies and whether or not our system as at risk. 

Figure 6: 30 Day Segmented Correlation Values 

EV’s are becoming more widespread 
due to their environmental and fiscal 
benefits. This industry will continue to 
grow and as it becomes much more 
interconnected. We stand to benefit 
greatly from this but unfortunately 
introduce many new ways to attack this 
system. There is currently no 
comprehensive approach to EVSE 
(Electric Vehicle Supply Equipment) 
security and there is not a complete 
understanding of the insecure interfaces 
within this network. 

charging. Then we built a program that could formulate the correlations that would be seen in a 
properly functioning smart charging system. Having obtained this, we can compare it with results 
from the same program that received data that had been tampered with in order to test and train our 
system to detect possible cybersecurity threats.

If small segments are found to exist this may be reason for alarm because that means that 
correlations within these segments are inconsistent with the preceding and following time intervals. 
By inserting false data and following this process we can obtain results that can be used to compare 
with the correlations in these small segments. This allows us to identify if there is a threat and which 
component within our system has been compromised.

Figure 6 displays three regions of time that data may have been falsified. These short intervals 
could be due to natural fluctuations in correlations and therefore must be compared to the data we 
would expect to exist if an attack had occurred. The approach taken in this research has immense 
potential in the future due to the increasingly interconnected nature of the smart-grid system. 
Each new component added will have a unique relationship with the other interconnected 
components, thus making our approach more robust. The implications of smart integrated EV 
charging systems are staggering and without proper cybersecurity its future is at stake.

Figure 3: Building Load Optimization 
Based on Dynamic Price

EV Control Centers schedule EV charging 
and building electricity consumption based 
on data from solar power generation and 
dynamic electricity price. The goal of 
scheduling is to minimize the cost for local 
building electricity and to charge EV’s so 
that local load variance is minimized and 
charging price is reduced. By 
cross-referencing the correlations shown in 
Figure 2, information about normal 
conditions can be determined which is 
imperative for detecting anomalous data 
and possible threats.[5] With real data From 
UCLA and Cornell’s campuses we 
simulated smart building power 
consumption and scheduled EV 
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Effect of Domain Wall Relaxation on Mag-
netostriction

There has been a surge of interest in nanoscale multiferroic technologies for 
the development of micro-scale devices. Multiferroic materials allow the control 
of magnetism using electric fields by mechanically coupling piezoelectric and 
magnetostrictive materials; this leads to the more effective scaling of devices. Be-
cause of our limited understanding of the behaviors of these multiferroic devices 
at higher frequencies, developing a procedure to characterize the frequency 
dependence of magnetostrictive materials will be crucial in understanding of 
multiferroic coupling and examining the tradeoffs between magnetic damping, do-
main wall mobility, and applied bias on multiferroic devices in the 400 MHz range. 
The goal of this work is to investigate the feasibility of bulk acoustic waves (BAW) 
and surface acoustic waves (SAW) to characterize the frequency dependence 
of magnetostriction in thin films. The BAW devices allow for the direct measure-
ment of strain via the voltage difference across the electrodes; the SAW devices 
indirectly measure the strain by using the change in stiffness to estimate the 
piezomagnetic coupling. After conducting tests on both devices, the SAW devices 
produced better results that matched the theoretical predictions. In future studies, 
the setup for the SAW test will be formalized to test magnetostrictive thin films at 
low frequencies before proceeding to test at higher frequencies.
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Overview
There has been a surge of interest in nanoscale 
multiferroic technologies for the development of small-
scale devices. Multiferroics are composite devices of 
piezoelectric and magnetostrictive materials that allow the 
control of magnetism using electric fields via 
magnetoelastic coupling; this leads to the more effective 
scaling of devices.  Because of our limited understanding 
of the behaviors of these multiferroic devices at higher 
frequencies, developing a procedure to characterize 
magnetostrictive materials will be crucial in understanding 
the frequency dependence of multiferroic coupling and 
examining the tradeoffs between magnetic damping, 
domain wall mobility, and applied bias on multiferroic 
devices in the 400 MHz range.

Goals
• Develop a procedure to characterize the frequency 

dependence of magnetostriction in thin films.
• Investigate the tradeoffs between magnetic damping, 

domain wall mobility, and applied bias to model 
multiferroic devices in 400 MHz range.

Background
Snoek’s Limit:

Figure 1: Relationship between permeability and frequency [1]

• Describes the tradeoff between high magnetic permeability and high 
frequencies.

• Permeability drops to 1 between 10 MHz and 1 GHz because the 
domain walls cannot keep up with that high of a frequency.

• Increasing the bias can lower the permeability (as shown in the plot), 
which reduces the damping and extends the bandwidth of the domain 
walls.

Devices
Bulk Acoustic Wave (BAW) Device:

Figure 2: Design of the BAW device

• Thin film includes a composite of nickel 
(magnetostrictive) and aluminum nitride 
(piezoelectric).

• Direct measurement of strain via the voltage 
difference across the electrodes.

• Can be used for continuous frequency sweeps.

Surface Acoustic Wave (SAW) Device:

Figure 3: Concept of the SAW Device

• Indirectly measures the strain by using the change 
in stiffness to estimate the piezomagnetic coupling.

• Measure the phase shift of the strain wave’s 
velocity to estimate the piezomagnetic coupling.

• Higher sensitivity but can only measure at discrete 
frequencies.Results

SAW testing approach yielded more promising results over the BAW method, and has been chosen as the method of investigation. 
Displayed below is only the data from testing the SAW device. Future Work

• Formalize the setup for testing SAW devices and 
design the device to do the measurement at more 
frequencies.

• Increase the strength of magnetic field applied.
• Testing magnetostrictive thin films at low 

frequencies before proceeding to test at higher 
frequencies.

References & Acknowledgments
[1] M. Yamaguchi, S. Yabukami, and K. . Arai, “Development of 
multilayer planar flux sensing coil and its application to 1 
MHz–3.5 GHz thin film permeance meter,” Sensors Actuators 
A Phys., vol. 81, no. 1–3, pp. 212–215, Apr. 2000, doi: 
10.1016/S0924-4247(99)00124-7.

I would like to thank my mentor, Sidhant Tiwari, and 
my faculty advisor, Robert Candler, for their support 
and encouragement.  I would also like to thank the 
UCLA Samueli Engineering Undergraduate Research 
Program.

Experimental Setups

Figure 4: Setup for testing the BAW Device.
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Figure 6: Phase of the velocity at 150 MHz vs. bias magnetic field

• Increase in phase indicates higher velocity
• Coercive field at ~80-100 Oe, where the material is the softest 

(more coupling)
• There is some hysteresis in the plot, which is expected for a 

ferromagnetic material
• Some asymmetry in the phase when sweeping the magnetic field

Figure 5: Insertion Loss of the SAW device

• 2 large peaks at 150 MHz and 950 MHz for S21 from 
the PNA

• Peaks are farther apart than desired because of 
suboptimal design.

• If wave velocity increases, the phase of S21 should 
increase

Testing the BAW device:
• Device Under Test (DUT) = magnetoelectric device attached to a printed circuit 

board (PCB).
• Big electromagnets establish a DC magnetic field.
• AC coils establish a small AC magnetic field.
• Measure the voltage produced from the DUT using a lock-in amplifier.
• Swept the magnetic field at a given frequency to see if there is bias dependence.

Testing the SAW device (proof of concept):
• Same procedure as testing the BAW device (omitted AC coils).
• Measured the acoustic wave velocity shift as a function of magnetic field.
• Used a PNA to collect magnitude and phase data as a function of magnetic field.

Effect of Domain Wall Relaxation on Magnetostriction
Natalie Lin1, Sidhant Tiwari1, Robert Candler1,2

1Electrical and Computer Engineering Department, University of California, Los Angeles
2California NanoSystems Institute

11



20
20

 R
E

S
E

A
R

C
H

 J
O

U
R

N
A

L

12

Lab on a Particle Digital Enzyme-Linked 
Immunosorbent Assay for Highly Acces-
sible, Ultra-Sensitive Protein Detection

Traditional Enzyme-Linked Immunosorbent Assays (ELISAs) are powerful tools 
in creating groundbreaking strides towards disease detection. Yet low limits of 
detection of traditional analog bulk ELISAs prevent detection of biomarkers in 
early stages of diseases, where patients have better chances of survival and 
more treatment options. Digital ELISAs (dELISAs), leveraging compartmentaliza-
tion of immunocomplexes in pico-femtoliter sized compartments, enable absolute 
quantification and sensitivity down to single molecules. However, current dELISA 
technologies require specialized and costly machinery to run assays, impeding 
their widespread implementation into clinical and research facilities. We created 
a lab-on-a-particle dELISA system, which utilizes hydrogel particles as affinity 
capture reagents and compartment templates to make these assays compatible 
with standard benchtop equipment. In doing so, we preclude the requirement 
for specialized microfluidics in the assay workflow, increasing accessibility and 
promoting widespread adoption of these technologies. Our proof-of-concept work 
consisted of a streptavidin-Horseradish Peroxidase (sHRP) enzyme conjugate 
bound to biotinylated hydrogels to simulate the signal generation step in tradition-
al ELISAs. In this simplified system, we were able to show sensitivity down to 100 
fM, approximately 3 enzyme labels per particle. This work shows great potential 
for future integration into a multiplexed digital immunoassay for accessible, ultra-
sensitive protein detection.
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Results and Discussion

Future Directions

Abstract Background

Lab on a Particle – digital droplet Enzyme Linked Immunosorbent Assay Workflow

Materials & Methods

•

•

•

•

•

•

•

•

•
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Hardware Testing of Stochastic Comput-
ing Machine Learning Accelerators

Stochastic computing is an alternate form of representing fractional numbers, 
which allows for area and energy efficient computation. Stochastic repre-
sentations are well suited for low-precision compute, making them promising 
candidates for hardware machine learning accelerators. To test and verify the 
taped-out accelerator chip, we developed a PCB and FPGA supporting routines 
to expose complete chip functionality and performance and ways of measuring 
power consumption and efficiency. I developed a testing environment using a 
FPGA-based FMC daughtercard to exploit parallel, high frequency signals be-
tween the FPGA and test chip. The daughtercard was designed to have redun-
dant power, clock, and reset sources, as well as multiple probe points. 
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Hardware Testing of Stochastic Computing Machine 
Learning Accelerators

Tristan Melton, Wojciech Romaszkan, Tianmu Li and Puneet Gupta
Department of Electrical and Computer Engineering, University of California, Los Angeles

Stochastic Computing
• Represent numbers using proportion of 1’s in a randomly generated bit stream
• Single gate for computation of addition and multiply

• Massive parallelism

• Variable precision in the same hardware

•Single error only introduces ± �
�

error
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FPGA Design and Programming
◦ FPGA Design

•ZedBoard FPGA
•Low pin count (LPC) FMC connector

•Up to 10Gb/s transmission, supporting single-ended and differential I/O
•LPC utilizing 68 programmable I/O pins

•Generate configurable frequency differential clock and send drive signals to board 
•Drive signals either generated or taken from FPGA board button inputs

•Display signals from chip on FPGA LEDs
•Accelerator chip programmed via scanchain – driven by FPGA

•MUX after logic block, setting SE to b will pass logic normally through, but SE to a will   
pass value to next register, allowing a state to be programmed into the logic
•Enabled by setting pin SCAN_EN high
•On CLK pulse, read one bit in through TEST_SI, eventually output through TEST_SO

Summary

The Case for Stochastic Simulation
•Training networks to account for SC is time-
consuming

• Difficult to integrate SC into existing ML 
architectures 

•Utilizing a separate simulator to test SC 
properties acts much more efficiently

Choose and Train 
CNN in FP 

Export CNN 
Parameters

Load CNN 
Parameters to SIM

Run Simulation 
and Extract Data

Evaluation Status

Thank you to UCLA Samueli Engineering URP, Professor 
Pamarti for his feedback and NSF REU and DARPA for 
their support.

Acknowledgements

PCB Design

• Designed setup could not handle driving clock from FPGA, external clock 
used

• LVDS and LVCMOS levels on same FPGA IO bank, cannot drive both types 
at the same time

• Write enable and chip enable of memory banks added to chip scanchain –
overwrites parts of memory
• Simulate bit patterns that trigger overwrites and try methods of mitigation
• Keeping track of corrupted data addresses and try to rewrite them after -

for further reduction, take addresses that are still corrupted after second 
pass and write to addresses further in memory

• Reduces error from > 50% corruption to 15% before moving affected
addresses

• Development  of PCB and FPGA to drive printed chip
• Simulate memory corruption and methods of reducing 

impact
• Bugs with development of supporting FPGA and 

strange CLK generation behavior

◦ PCB Design
•LPC-FMC connector to  bridge to the driving FPGA
•Clock signal generated by FPGA or externally, multiplexed with zero-ohm resistors
•Chip programmed by scanchain, enabled by specific I/Os on the chip set high
•Display signals from chip on FPGA LEDs
•Probe points for major test pads, low-resistance shunt resistors to measure current usage 
by different parts of chip

•Support for external power via banana jacks
•Button for manual reset

Image Source :https://www.researchgate.net/figure/Organisation-of-Scan-Chain-within-a-Device_fig3_229039953
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Regression-Based Feature Scaling for the 
K-Nearest Neighbors Algorithm

The k Nearest Neighbors algorithm (kNN) is a powerful classification algorithm. 
Typically, features are normalized prior to using kNN to prevent any one feature 
from disproportionately affecting the distance metric. However, this method 
assigns equal importance to every feature. We propose a regression based 
method, called the c-Furthest Friends (cFF) algorithm, to scale features based on 
importance prior to using kNN. Our proposed method for feature scaling signifi-
cantly improves performance in classification without overfitting. Just like the 
standard kNN model, we normalize all the features and initialize all the feature 
weights to 1. After choosing an appropriate cost function, we update the weights 
using stochastic gradient descent for increased computational efficiency. For 
every data point, we minimize the distance to the c furthest data points of the 
same class. The motivation is that data points on the fringes of clusters occasion-
ally get classified incorrectly. If we minimize the distance of such points from data 
points of the same class by changing the feature weights, the points are pulled 
closer to their respective cluster centers, and the clusters gets tighter. We show 
that scaling features through the cFF algorithm prior to running the kNN algorithm 
significantly improves the performance of the kNN algorithm on classification 
tasks in wide array of disciplines ranging from computational medicine to meteo-
rology, obtaining state of the art results on many benchmark data sets.
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Regression-Based Feature Scaling for the k-Nearest Neighbors Algorithm
Nikil R. Selvam, Varun Sivashankar

Abstract

Background

In a data set, every data point is represented by a
vector in ℝ" where D is the number of feature variables.
kNN is a classification algorithm where the class of a new
data point is predicted based on the majority class of its 𝑘𝑘
nearest neighbors, where ‘nearest’ is defined by the
standard Euclidean norm.

Every feature is typically normalized to have zero
mean and unit variance. However, this does not
necessarily account for relative importance between
variables. Just like the standard kNN model, we normalize
all the features and initialize all the weights to 1.

To update the weights, we chose an appropriate cost
function and used stochastic gradient descent to increase
computational efficiency. For each data point, we try to
minimize the distance to its 𝑐𝑐 furthest data points of the
same class.

The motivation is that data points on the fringes of
clusters occasionally get classified incorrectly. If we
minimize the distance of such a point from its neighbors
of the same class by changing the feature weights, this
point is pulled closer to the cluster to which it belongs.
The clusters get tighter and points on the boundary of a
cluster move closer to the center. We call our approach the
c-Furthest Friends (cFF) algorithm.

Approach

We chose 8 popular data sets of varying sizes from a
variety of application domains to test the effectiveness of
our proposed algorithm. Our method was as follows:
• We split each data set into training, cross-validation

and testing data in a 60:20:20 ratio and initialized 𝑤𝑤 to
a vector of ones.

• We ran our algorithm with 𝑐𝑐 = 5 on the training data
with a range of values for the learning rate α and
chose the best value for α and consequently w based
on the model’s performance on the cross-validation
data.

• We used the value of 𝑤𝑤 to weight the original training
data 𝑋𝑋 to obtain 𝑋𝑋𝑤𝑤 and weighted the original testing
data.

• We trained two kNN models with 𝑐𝑐 = 5 on both the
unweighted and weighted training data. We then used
these models to make predictions on the unweighted
and weighted testing data respectively and found the
testing error for both models.

The cFF Algorithm

All our data sets were obtained from the UC Irvine
Machine Learning Repository. We are also grateful to
Professor Sriram Sankararaman, our faculty mentor and to
the UCLA Engineering URP.

Conclusion

For each dataset, we have reported the average
training and testing errors across 9 different initial seed
values. We found that cFF outperformed vanilla kNN by
2.98% on average. In fact, feature scaling through cFF
improved accuracy on 6 out of the 8 benchmark datasets,
as evident from the last column in the summary of results.
In addition, the lack of absurd increases in training
accuracy provides evidence for the absence of overfitting.

As we have accounted for randomness by averaging
results across 9 different initial seed values, the overall
improvement in performance demonstrated by the cFF
algorithm is strong evidence of effectiveness of feature
scaling.

The determined weights represent relative importance
of the features. A larger weight indicates that the feature
has a larger contribution to the distance metric and plays
an important role in discriminating data points. This
increases the interpretability of the algorithm.
Classification methods like logistic regression also provide
similar interpretability. However, logistic regression does
not perform well data that is not linearly separable. While
non-linear classifiers like neural networks also weight
features, they often have low interpretability and can be
overly complex for some use cases. The proposed model
balances the advantages of non-linear classification as well
as ease of interpretation.

Advantages
• Higher classification accuracy
• Interpretability of weights
• Online algorithm
• Easy to introduce regularization

Disadvantage
• May require dimensionality reduction techniques like

PCA to increase computational efficiency for larger
data sets.

References and Acknowledgements

Future Directions

The following extensions might make the cFF 
algorithm more useful and robust:
• Possible improvements to the cost function, 

especially by introducing hyperparameters such as 
that for regularization.

• Combination with other existing methods such as 
PCA to fight curse of dimensionality.

• Designing an appropriate metric that can measure the 
‘cluster purity’ of a data set to determine whether cFF 
would be beneficial.

Summary of Results

Key Equations

The k-Nearest Neighbors (kNN) algorithm has proven
to be a powerful technique in classification tasks.
However, owing to normalization, the kNN algorithm
always assigns equal importance (weights) to each feature.
This paper proposes a regression-like method to scale
features based on importance prior to using the k-Nearest
Neighbors algorithm. We show that our proposed method
for feature scaling significantly improves performance in
classification without overfitting.

Our source code is available at github.com/
nikilrselvam/cFF. The full paper is available at
tinyurl.com/featurescaling.

Cost Function

Gradient Computation

Dataset
Training Accuracy

kNN cFF
Iris 0.975 0.969

Haberman 0.700 0.731
Balance Scale 0.421 0.411

Spect 0.930 0.930
Ionosphere 0.873 0.915

Blood 0.674 0.771
Yeast 0.687 0.685

Abalone 0.443 0.447

Dataset Testing Accuracy Percentage 
ChangekNN cFF

Iris 0.944 0.956 +1.111
Haberman 0.603 0.663 +6.011

Balance Scale 0.164 0.168 +0.444
Spect 0.909 0.906 -0.289

Ionosphere 0.797 0.867 +6.978
Blood 0.673 0.768 +9.556
Yeast 0.549 0.547 -0.200

Abalone 0.225 0.227 +0.233
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Vortex Formation and Acoustic Absorption 
in an Orifice

Perforated screens can be used to absorb sound in various engineering contexts. 
The basic mechanism for sound absorption is associated with the generation of 
vorticity in the orifice when a sound wave is incident upon the screen. However, 
the mechanism depends non-linearly on sound amplitude, and the relationship 
between acoustic waves and vorticity still is unclear. In this work, we performed 
computational studies in a 2-Dimensional duct. Acoustic analysis was done 
based on the data collected from a fluid model generated using COMSOL. In 
order to simulate a sound wave interacting with an orifice in a duct of dimen-
sion much smaller than the acoustic wavelength, we can assume that the orifice 
consists of incompressible flow with a sinusoidal pressure difference applied at 
either end of a duct.

We explored the connection between typical acoustic measures of orifice inertia, 
particularly the real part of the Rayleigh conductivity, and fluid dynamical mea-
sures of inertia, such as the vortex formation length, in the flow issuing through 
the duct. The acoustic energy dissipation, described by the imaginary part of the 
Rayleigh conductivity, was also computed and used to determine overall absorp-
tion. The results were compared at different pressure amplitudes. The increasing 
energy absorption at different amplitudes revealed the nonlinear dependence 
of this absorption on incident sound amplitude. The results of this study can be 
used to design sound-damping technologies, such as personal protective equip-
ment that can response to loud noises.
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Vortex Formation and Acoustic Absorption in an Orifice 
Yvonne Thoy & Jeff D.Eldredge 
Department of Mechanical and Aerospace Engineering, University of California, Los Angeles

In this project, computational studies of acoustic analysis was 
performed on data collected from a fluid flow model simulated 
COMSOL. The goal is to analyze the relationship between acoustic 
waves and vorticity generation so that the mechanism of energy 
dissipation of acoustic absorption in an orifice can be quantified.

In the fluid simulation, acoustic wave can be modeled as a sinusoidal 
pressure function which is forced at either end of the domain. The 
domain consist of a simple 2D duct geometry with an orifice diameter 
that is much smaller than the acoustic wavelength. The mesh is set to 
be denser at the transition region and sharp edges to capture changes 
in fluid properties. A time dependent flow is simulated, and the data 
collected are post processed by incorporating acoustic relations. 
Calculations are non-dimensionally.

Overview

Flow frequency dependent Reynolds number is set to 50.

Methodology

• Domain length was determined by the formation length 
of the vortices for the higher pressure amplitude

• Obtain time dependent fluid properties data and 
transform from time domain to frequency domain.

Example of data transformation.

• Generate impedance, reflection and transmission in relation to the non-dimensional pressure and volume flow rate
Z̃ =

P̃

Q̃

fd
c

R
I

=
Z̃

2 + Z̃

T
I

= 1 −
R
I

=
2

2 + Z̃
• Analyze acoustic absorption variation with pressure amplitude. From non-dimensional analysis, the effect of 

frequency variation is captured through  
fd
c

• Non-dimensional relationship between the acoustic and fluid model can be derived from the Buckingham PI Theorem. Since the orifice diameter is a lot smaller than the wavelength, the following simplification can be 
made.

Results
• Comparison of vorticity contours for 3 different amplitudes shows that vorticity magnitude is higher at high pressure.

• Reflection, Transmission and Absorption plots show that more energy is be absorbed as the pressure increases which revealed the non-linear energy 
dependance on pressure amplitude which is constant with the vorticity contours

                                                 P=30000                                                           P=90000                                                        P=150000
                                                   L=1.5                                                               L=5                                                                   L=8

• The real part of Rayleigh conductivity can be used to quantify the inertial effect at the orifice, and the imaginary part showed the overall absorption.

• The formation length (L) is also calculated to verify sufficient duct length for vortex formation. Since all the data at different pressure amplitudes 
are generated through the same domain, the duct has to be longer than L at P=90000 measuring from the center of the orifice. As pressure increases, 
L will be longer.

• ΔP = P+ − P−

• Acoustic absorption: α = |R |2 + | I |2 − |T |2

• Continuity: I − R = T

•      
fd
c

=
d
λ

(d ≪ λ)

• Non-dimensional Parameter: Q̃ =
Q

fD2
= fcn {d /D, Re = ρfD2

μ , P̃ = ΔP
ρf 2D2 , fd

c }

• Compute Absorption and Rayleigh Conductivity (Kr =
2πf Q̃

P̃
)
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