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Description of Project:

Nuclear science requires diverse experimental data with stringent systematic uncertainty control. These
scientific requirements drive the need for streaming data acquisition (DAQ) in the next generation of nuclear
experiments such as the detectors at the Electron Ion Collider (EIC). Distinct from most existing experi-
ments, these new experiments demand a high throughput data reduction in real-time which preserves all
collision signal information while filtering out background and noise reliably. In this proposal, we will ad-
dress this unique challenge by building a set of Al-based information distillation algorithms that perform
noise filtering, feature building, and compression. The algorithms will be co-designed with and demon-
strated on a selection of the emerging Al hardware, the first in the field.

Compared to traditional methods, our approach is constructed to utilize novel Al hardware, resulting
in high throughput and energy efficiency. The approach is designed to be robust with built-in safeguard
metrics communicating with human operators. BNL is well positioned to be a world-leader in such research
as the host institution of the EIC with the added knowledge of the leading-edge Al algorithms and hardware
through CSI. The proposed work will be carried out by a productive team with established publication and
invited talk records in this area. This work directly advances the high-priority experimental programs in the
2015 NSAC Long-Range Plan.

It is also timely to fund this research to demonstrate a prototype with the first and only streaming DAQ
run at RHIC in 2024, to influence the conceptual and technical design of both of the EIC detectors, and
to keep the momentum for research at BNL and for collaboration with hardware vendors (support letters
appended). This proposal addresses the FY23 LDRD-A topical areas of EIC Detector-2 and Human-Al-
Facility Integration.

Expected Results:

We will demonstrate the fidelity and throughput of Al-based information distillation algorithms on
testbeds of novel Al hardware using simulated EIC data and real data collected from streaming DAQs in
Relativistic Heavy Ion Collider. Comparing with the traditional systems, our concept has the potential to
improve recorded physics events and throughput by one order of magnitude, as indicated by early tests.
This work aims to position BNL to lead the research on utilizing novel Al hardware in real-time computing.
Our uncertainty/competence-aware Al will significantly enhance the trustworthiness of the Al predictions,
paving the way towards efficient human-Al-facility integration for EIC and beyond. And the topic of Al in
experimental nuclear science has been one of the new funding areas at DOE, to which we will target future
external funding.
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PROPOSAL

1 Introduction
Modern large-scale nuclear physics (NP) experiments in high-energy particle colliders use streaming-readout
electronics to readout detector responses at O(10) Tbps bandwidth. Prominent examples at BNL include
the SPHENIX experiment at the Relativistic Heavy Ion Collider (RHIC) [1], now close to completion, and
the experiments of the Electron-Ion Collider (EIC) [2,3], planned for the 2030s. One of the main challenges
for these streaming-readout systems is to manage the data rate with sufficient data reduction in real-time,
so the end data fit persistent storage for offline reconstruction, which typically is O(100) times reduced to
O(100) Gbps [1,4]. Such a reduction is traditionally achieved via triggering that save a small subset of
collisions of interest. Although triggering is applicable to most collider experiments, it is insufficient for the
next-generation NP experiments that study diverse collision topologies [2,4, 5].

This challenge opens up an opportunity and
necessity for the utilization of an Al-directed A
information distillation algorithm co-designed
with novel Al hardware for real-time data reduc-
tion, that performs reliable noise filtering, fea-
ture extraction, and lossy compression in an inte-
grated step. Despite the distinct signal and back-
ground features of various detectors and experi-
ments, a commonality for the input data stream

is they can be formatted as sparse-encoded 3D
tensor of time frames on the FELIX streaming
DAQ [1,4,8] as illustrated in Figure 1. There-
fore, it is suitable for a common algorithm-
hardware architecture to address all detectors as
in this proposal. And in contrast to traditional
scientific compression algorithms [9—11], using
data-point-level precision as the criterion, Al-

Figure 1: We propose to use a common Al algorithm-
hardware architecture to process a wide array of detec-
tors’ data, as they can be formulated as sparse-encoded
3D tensor of time frames with distinct patterns of sig-
nal and background. A: simulated sSPHENIX TPC data
frame in x-y-time with 3 MHz p+p collisions [1]; B: EIC
dRICH detector with an e+p collision [6, 7] whose data
frame is a tensor of 2D(pixel)+time.

directed algorithm can achieve a greater compression ratio and run faster than traditional compressors as

demonstrated by our exploratory work [12].
Traditional von Neumann architectures,
such as CPUs and GPUs, feature a memory hier-
archy consisting of a large memory space (typ-
ically DRAM) and layers of caches (SRAM),
Figure 2A. The latency of data access from
memory or disk is orders of magnitude higher
compared when data resides in caches. Delayed
data availability at computing units is known
as the "memory wall" [14]. In addition to the
performance penalty, the energy cost of data
movement across the memory hierarchy is much
higher than that of arithmetic [15, 16]. Inno-
vative computer architectures are being imple-
mented that mitigate these inefficiencies for Al
algorithms. For example, GraphCore [17], Cere-
bras [18], SambaNova [19], WaveComp [20],

Central Processing Unit

in: r
Memory Unit

Figure 2: A. von Neumann Architecture. B. Dataflow Ar-
chitecture [13]. Computing units (CU) (small grid cells)
form a grid network (Cerebras) and each CU is equipped
with a local memory unit. A three-layer neural network
can be mapped to different regions of computing grid.

Untether [21] and Cambricon [22] developed the so-called “Al Chips” utilizing the dataflow architec-
ture [23,24], where in lieu of a global DRAM memory, each computation unit is accompanied by a local
SRAM memory to achieve data locality. For neural networks computation, it means that the model weights
stay close to the arithmetic units, and access to intermediary values (activations) is optimized for a logical-
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to-physical mapping that could be pre-compiled, as shown in Figure 2B. Optimized data movement also
improves energy efficiency [25] and throughput performance [26,27]. Provision of python packages com-
patible to popular Al software reduces the amount of efforts to port existing Al models to make use of such
novel hardware.

Project Objectives and Innovations. We will demonstrate the fidelity and throughput of Al-based informa-
tion distillation algorithms on testbeds of novel Al hardware using simulated (EIC) and real data (demonstra-
tion with sSPHENIX data) from the streaming DAQs. Comparing with the traditional systems, our concept
has the potential to improve recorded physics events and throughput by one order of magnitude, as indicated
by early tests. The proposed work is innovative in multiple aspects: (1) The first application of a dataflow
architecture Al processor in real-time data processing in collider experiments. (2) Inventing a set of novel
Al-directed information distillation algorithms that is specifically designed to address the challenge of the
NP experiments. (3) Our uncertainty/competence-aware Al will significantly enhance the trustworthiness of
the Al predictions, paving the way towards efficient human-Al-facility integration for EIC and beyond.

We expect the above innovations will impact the online computing model for the nuclear experiments,
in particular for the EIC. This work will also provide testbeds of the selected Al hardware to cross pollinate
with other areas of Al development at BNL.

2 Innovative Al Algorithm for Reliable Real-time Information Distillation

Al algorithms for compression and background filtering. There are three unique problems we need to
address when designing an Al compression and noise filtering algorithm for collision data: (1) stream-
ing front-end applies a zero-suppression that squashes small non-zero values and induces a bimodal data
distribution; (2) the desired compression ratio and throughput greatly exceeds that any sparse-coding or
off-the-shelf compression algorithms can provide. (3) background hits can make large-scale patterns (e.g.
highly curved delta-electron in TPC). To address these challenges, we proposed an autoencoder compressor
called Bicephalous Convolutional Autoencoder (BCAE) as initially explored in Ref. [12], that extends a
standard autoencoder network with bi-headed decoders (Figure 3A). The segmentation head D; differen-
tiates between signal and background (including both zero and noise) and the regression head D, focuses
on approximating ADC values for signal. To test BCAE’s ability to address the bimodal data distribution,
a BCAE with compression ratio 27 was designed for sSPHENIX TPC data with Au+Au collisions. BCAE
achieves a lower overall mean-squared error (MSE) than non-Al based compressors at a similar or higher
compression ratio (See Figure 3B). To test BCAE’s potential on noise-filtering, another BCAE with com-
pression ratio 204 is designed for the TPC data with p+p collisions as illustrated in Figure 1A. The threshold
of the segmentation output can be adjusted to balance zero suppression, noise filtering, and signal preserving
rates to meet the requirement for downstream applications (Figure 3C).

As an alternative to BCAE, which works well for high occupancy data (such as TPC in Au+Au collisions
and calorimeter data), we will further explore Graph Neural Networks (GNN) [28] in this proposal to address
the need of handling more sparse data. GNNs have been used extensively in particle physics [29-32] because
they work with sparse data by default, but have rarely been studied for use with a TPC or PID detectors. With
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Figure 3: A. BCAE architecture. B. Its compression benchmark as in our feasibility study [12] C. Zero-
suppression, noise-filtering, and signal preserving as functions of segmentation output threshold.
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respect to the challenges mentioned above: (1) since GNN operates on nonzero bins only, it bypasses the
bimodal distribution caused by zero-suppression; (2) we can train a GNN to extract trajectories (a sequence
of locations that a particle most likely traversed TPC layers) from a cluster and hence compress it to few
data points; (3) we can better utilize the global features of noise and differentiate noise from signal at graph
level for efficient noise removal. Furthermore, lower occupancy implies that each tracklet within a detector
sector (Figure 1A), form a small connected graph; and all tracklets can be processed in parallel.

Enabling uncertainty quantification and competence-aware. In order to design novel Al-algorithms that
can be deployed in real-world scientific applications, it is critical to develop capabilities for quantifying the
uncertainties in the predictions made by Al models and to effectively inform and assist domain experts to
make robust uncertainty-aware decisions.

For this purpose, we plan to take a Bayesian approach for assessing the uncertainty of the predictions
made by the proposed deep neural networks (DNNs). As uncertainty quantification (UQ) in deep learning
models [33] can be computationally costly, we will consider several alternatives, compare their relative ac-
curacy and computational efficiency, and select the ideal scheme for our Al algorithms to strike the right
balance between accuracy and efficiency. More specifically, in this project, we will consider the following
schemes for UQ. The first approach is based on Monte Carlo (MC) dropout technique, which randomly
drops units in the trained model to estimate its impact on the prediction output, thereby aiming at quanti-
fying the uncertainty in the prediction [34]. The second approach is to take an ensemble of DNNs, trained
using different random seeds and/or training data, where the prediction variability across the DNNs in the
ensemble can be used to quantify the uncertainty [35]. Finally, we may use the Bayesian last layer (BLL)
approach [36,37], where the feature space in the last layer of a trained deep network model is used to build
a linear Bayesian model for uncertainty quantification. The quantified uncertainty from our UQ scheme
will make our Al models aware of its competence and uncertainty. This will inform the human operators
whether the proposed Al algorithms are reliably operating within “normal” operating conditions for which
the Al model has been trained. If the prediction uncertainty exceeds (or the confidence level drops be-
low) the specified tolerance, our Al algorithms will immediately raise a flag and notify the expert operator.
Our uncertainty/competence-aware Al will significantly enhance the trustworthiness of the Al predictions,
paving the way towards efficient human-Al-facility integration for EIC, RHIC, and beyond.

Furthermore, we will investigate and develop strategies for improve our Al model to expand its capabil-
ity to handle “out-of-distribution” data. To this end, we will adopt two data-efficient learning strategies [38],
which are complementary to each other: a coreset selection strategy for semi-supervised learning and a
Bayesian active learning strategy. Coresets [39] are small representative subsets of original data that ap-
proximates their characteristics, and effective coreset selection can lead to efficient training of deep learning
models. In this project, we are especially interested in coreset selection for semi-supervised learning of our
DNN to improve its performance for out-of-distribution data. While this coreset approach enables model
improvement through the effective (and computationally efficient) use of unlabeled data, the Bayesian active
learning (BAL) approach [40-42] aims to generate additional “smart” data to improve model performance.
For this purpose, we will utilize the uncertainty-aware BAL scheme developed by our team [40-42].

3 Al algorithm Co-Design with Novel AI-computing Accelerator Hardware

Traditional numerically-intensive scientific computation workloads, such as Kalman filter tracking algo-
rithm, exhibit data movement patterns and pose challenges different from those of deep neural networks
(DNNs). DNN models consist a sequence of neural network layers, each operating on small size matrices.
This requires frequent model weight loading and activations (intermediary layer outputs) caching, leading to
higher latency and energy consumption on von Neumman architecture (Figure 2A). New Al-oriented hard-
ware designs are based on a Dataflow architecture concept [43] (Figure 2B), which enables a much higher
degree of parallelism at data level. The data parallel computation graph is then mapped onto a hardware
architecture that enables the execution in an optimal fashion.

In this work, we propose to explore the novel Al-hardware designs and technologies for optimal co-
design with the data and computation characteristics of real-time detector data. Some of the industry partners
we will be considering include, but are not limit to, GraphCore, Untethered and LightMatter, with whom we
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have on-going collaborations using our open-sourced BCAE model [44].

GraphCore™ (founded in 2016) is a relatively mature company and pioneered a non-GPU Al-oriented
design named Intelligence Processing Unit (IPU). Its large in-processor static random-access memory
(SRAM) provides fast and low-latency memory access [26]. Exploratory tests with LHCb simulation
and data reconstruction also demonstrated significant improvements compared with GPUs [27]. We
have observed similar improvements in the encoding rate on our BCAE model under certain conditions'.
More optimization opportunities have been identified.

Untethered'™ (founded in 2018) specializes in dataflow architecture for AI model inference using the int8
data type. The current generation comes in a PCI-e card form factor equipped with four chips totalling
2 PetaOps. Preliminary emulation results showed promising throughput results'. Although quantized
neural network models can maintain their accuracy in classification and regression tasks [45], in this
project we will further investigate how to mitigate performance degradation due to quantization on an
auto-encoder task.

Lightmatter’™ (founded in 2017) designs integrated optical circuits for AI model inference. Numeric val-
ues are coded in the phase of light beams and the phase-shift is determined by Mach—Zehnder interfer-
ometer. Their 4U server Envise claims a 7-fold improvement of inference throughput per Watt [46,47]
on BERT-base (a large natural language processing model) comparing to the NVIDIA DGX-A100.

GraphCore products are available out-of-shelf; Untethered and Lightmatter will make their products avail-

able during this proposal’s performance period. Before then, they all have agreed to test our models on their

prototypes and provide support to our proposed efforts (see attached support letters)'.

4 Milestones, Timeline, and Resource Allocation

The project timeline and budget overview is summarized below. It is worth highlighting that our industry

connections allow us to test a variety of Al chips and computing infrastructure at vendor facilities (support

letters appended), which significantly improves cost-benefit of this program.
Fiscal Year 2023 Feasibility demonstration. Budget: $300k, consist of ramping up FTE for two post-
docs at PO and CSI (0.5 and 0.8 FTEs, respectively, which is lower than 1.0 each as recruiting is

usually only completed mid-year), and PI’s and other scientists’ FTE.

Q1-Q2 Develop the initial set of Al algorithms
Q1-Q4 Perform feasibility tests by accessing the Al-computing accelerator chip testbeds at our in-
dustry partner. Sample support letter attached.

Fiscal Year 2024 Al-experiment integration. Budget: $495k, dominated by manpower, plus one Al
server for testing with sSPHENIX p+p collision Run-2024

Q1-Q2 Establish the first Al-computing testbed with relatively mature technology (such as Graph-
Core IPU)
Q3-Q4 Demonstration with offline (and optimistically online) TPC data stream in sSPHENIX

Fiscal Year 2025 Advanced development. Budget: $485k, dominated by manpower, plus second Al-
computing testbed

Q1-Q2 Refine algorithm to optimize performance in fidelity and throughput
Q3-Q4 Establish second hardware test stand with mid-risk technology, and demonstrate performance
with sSPHENIX streaming data and the simulated EIC data

4.1 Timeliness of the Research
It is timely to fund this research now: (1) to keep and ramp up the momentum of research [12,48]; (2) to
continue and strengthen the connection with novel Al-hardware vendors (support letters appended); (3) to
allow for a demonstrative test with the first and only streaming DAQ run at RHIC in 2024 when proton
beams will be collided. For such collisions, streaming DAQ will significantly expand the physics reach of
the SPHENIX experiment [S]. As a result, its data stream will be the one most closely resembling that of
the EIC for the coming decade; (4) to influence the technical design of EIC project detector [2,4] and the

Further information can be made available within BNL under Commercial Nondisclosure Agreements (CNDAs).
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conceptual design of the EIC Detector-2. Last, in response to this LDRD call, this proposal addresses two

topical areas of EIC Detector-2 and Human-Al-Facility Integration.

4.2 Project Team and Qualifications

This project is driven by a productive team. Since the start of exploration in 2021, five invited talks were

presented and first paper on the exploratory work published in IEEE ICMLA [12,44]. The next accepted

talk is at IEEE RealTime 2022 [48]. The team member, expertise and responsibility are listed below:

Jin Huang (PO/sPHENIX) + Postdoc PI + domain integration and evaluation. Co-convener for EIC De-
tector] global integration; manager for sSPHENIX TPC readout; expertise
in simulation and performance evaluation and heavy flavor physics

Yi Huang (Postdoc), Yihui Ren, Shinjae Yoo (CSI/ML) Leading AI/ML algorithm development on
noise reduction, data compression, and network optimization.

Byung-Jun Yoon (CSI/Math) Al Uncertainty Quantification; PI for ASCR award for objective-driven
data reduction

Adolfy Hoisie (CSI/ACL) Advisor, leading advanced computing architectures and technologies R&D

Chris Pinkenburg, Martin Purschke (PO/sPHENIX) Advisor; coordinators for sSPHENIX computing
and DAQ), respectively

Torre Wenaus (PO/NPPS) Adpvisor; co-convener EIC user group software working group, leadership
roles in NP/HEP computing

4.3 Challenges and Risk mitigation
We recognize deploying the novel Al hardware is high-risk high-reward research: many such Al chips are
in their pre-commercial phase and produced by start-up companies [17-22]. And their futures are variable,
influenced by the external market forces. This risk is mitigated by (1) investigating a spectrum of Al hard-
ware of various maturity as discussed in Section 3, notably the current generation of GraphCore IPU that is
commercially available [17]; (2) strong connections with the hardware vendor’s research teams (as evident
by attached support letters) and gaining access to pre-commercial information via NDAs; (3) solid fall-back
solution of high-throughput GPU systems available at BNL through CSI.

4.4 Data Management Plan

The team will publish findings in reviewed journals and code via GitHub with the aim of transparency and

reproducibility. Examples include this team’s first publication (paper [12], code [44]). The simulated and

real data used in the research will be archived at tape storage facility at BNL SDCC, taking advantage of the
data management plan of the hosting facilities.

5 Why and Benefit to BNL

This work will take full advantage of the unique facilities and capabilities at BNL: (1) BNL is the host

lab for EIC. (2) Through CSI, BNL has on-going connection and non-disclosure agreement with several

companies developing the Al hardware, which will give the team rare access to variety of pre-commercial
and pre-release Al hardware (e.g. support letter attached). (3) Benefit from the expertise developed under

ASCR award on data reduction (co-PI ByungJun Yoon ) to apply to the domain of streaming DAQ. (4)

Benefit from the expertise of streaming DAQ operation at BNL, in particular the first and only streaming

DAQ run at RHIC in 2024 at the sSPHENIX experiment.

In return, this work will benefit BNL in multiple aspects: (1) Establish BNL as the leader in the ap-
plication of novel Al-computing accelerator hardware in real-time application (2) Address the challenges
of reliable real-time data reduction in the high priority scientific facilities of the EIC, which directly sup-
port and enhance high priority BNL research in nuclear physics (3) BNL is well positioned to capitalize on
this proposed development with production hardware project via DOE construction funding. (4) We will
establish testbeds with two distinct novel Al hardware technologies, which are available for general use of
accelerating of Al adoption at BNL. (5) This research is aligned with BNL. AI/ML strategy on real-time
experiment application and Human-Al-Facility Integration.

This work directly advances the high-priority areas in the 2015 NSAC Long-Range Plan. And the topic
of Al in experimental nuclear science has been one of the new funding areas at DOE, to which we will target
future external funding.
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1. ALIGNMENT WITH THE LABORATORY MISSION AND VISION

This proposal direct address the FY23 LDRD-A topical areas of
e Research and Development towards the Second Detector at the Electron-lon
Collider and Human-Al-Facility Integration.
e Discovery Science Driven by Human-Al-Facility Integration
o 1) Al enhanced Detectors, Accelerators and Sensors

And this proposal aligns with lab initiatives of
¢ Nuclear Physics
o Artificial Intelligence and Data Science, as well as the BNL Al strategy

2. POTENTIAL FUTURE FUNDING

The topic of Al in experimental nuclear science has been one of the new areas at DOE, to
which we will target future external and construction funding.

Specifically, we expect the following Return on Investment
e Demonstrate a working prototype, as a ladder to external FOA for construction of
production system from Department of Energy
o $10-20M: EIC Detector 2 construction project for online computing which
is at time scale of 2030
o Approximately $5M x2: Possible upgrade of EIC Detector 1 and
SPHENIX, which is at time scale of coming years
e Approximately $1M: Saving in tape storage and offline computing need for
reaching same physics goals

3. BUDGET JUSTIFICATION

Majority of the budget is allocated to support two postdocs, who carry out the bulk of
work. We intend to establish two set of testbeds using novel Al-accelerators at BNL of
increasing risks, which allow a demonstration with SPHENIX Run-2024 streaming-DAQ
data. It is worth highlight that our industry connections allow us to test a variety of Al
accelerators at the vendor facility (support letters appended), which significantly improves
cost-benefit of this program.

More specifically:

e Fiscal Year 2023: $300k, dominated by manpower of scientists, and recruiting and
ramping FTE for two postdocs at PO and CSI (0.5 and 0.8 FTE each)

e Fiscal Year 2024: $495k, dominated by manpower, and Al-computing accelerator
server quoted at $40k (budgetary quote attached)

e Fiscal Year 2025: $485k, dominated by manpower, and second Al-computing
accelerator-chip testbed
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4. NAME OF SUGGESTED BNL REVIEWERS

e Brett Viren, PO - DUNE computing/Al expert

e Hucheng Chen, PO - ATLAS DAQ Lead

o Jeffery Landgraf, M, PO — EIC Detector-1 collaboration DAQ/electronics WG
coordinator

e LingdalLi, CSI
Thomas Flynn, CSI — Expertise in hardware and machine learning

5. EQUIPMENT (Reference: DOE Order 413.2C Chg. 1 (Min Chg) for guidance on equipment
restrictions)
Will LDRD funding be used to purchase equipment? YIN_y__

If “Yes,” provide cost and description of equipment

Year1l-$ Ok

Year2-$ 40k (Description: Testbedl with relative

mature technology, based on attached budgetary quote.)

Year3-$ 40k (Description: Testbed2 with riskier

technology, to be down selected)

6. HUMAN SUBJECTS (Reference: DOE Order 443.1C)
Are human subjects involved from BNL or a collaborating institution?
Human Subjects is defined as “A living individual from whom an
investigator obtains either (1) data about that individual through
intervention or interaction with the individual, or (2) identifiable,
private information about that individual”.
If yes, attach copy of the current Institutional Review Board
Approval and Informed Consent Form from BNL and/or

collaborating institution. YIN N
7. VERTEBRATE ANIMALS
Are live, vertebrate animals involved? Y/N N

If yes, attach copy of approval from BNL’s Institutional Animal
Care and Use Committee.
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8. NEPA REVIEW

Are the activities proposed similar to those now carried out in the
Department/Division which have been previously reviewed for potential
environmental impacts and compliance with federal, state, local rules and
regulations, and BNL’s Environment, Safety, and Health Standards?
(Therefore, if funded, proposed activities would require no additional
environmental evaluation.)

If no, has a NEPA review been completed in accordance with

the National Environmental Policy Act (NEPA) and Cultural Resources
Evaluations Subject Area and the results documented?

(Note: If a NEPA review has not been completed, submit a
copy of the work proposal to the BNL NEPA Coordinator for
review. No work may commence until the review is completed
and documented.)
9. ES&H CONSIDERATIONS

Does the proposal provide sufficient funding for appropriate

decommissioning of the research space when the experiment is

complete?

Is there an available waste disposal path for project wastes throughout
the course of the experiment?

Is funding available to properly dispose of project wastes throughout
the course of the experiment?

Are biohazards involved in the proposed work? If yes, attach a current
copy of approval from the Institutional Biosafety Committee.

Can the proposed work be carried out within the existing safety
envelope of the facility (Facility Use Agreement, Nuclear Facility
Authorization Agreement, Accelerator Safety Envelope, etc.) in which
it will be performed?

If no, attach a statement indicating what has to be done and how
modifications will be funded to prepare the facility to accept the
work.

10. TYPE OF WORK Select Basic, Applied or Development
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Y/N
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Basic,
Development
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Business Operations Manager

Jim Desmond

Department Chair/Division Manager
To the Department Chair/Division Manager:
Please indicate if this project is a sensitive
technology under the S&T Risk Matrix.
(Note: Red projects require an Access
Management Plan.)

X Green

J Yellow W

[J Red

[J Not Applicable

Hong Ma

Associate Laboratory Director
for Nuclear and Particle Physics

Haiyan Gao

APPROVALS - CSI

Business Operations Manager

Print Name

Department Chair/Division Manager
To the Department Chair/Division Manager:
Please indicate if this project is a sensitive
technology under the S&T Risk Matrix.
(Note: Red projects require an Access
Management Plan.)

[1 Green

[] Yellow

[] Red

[] Not Applicable

Print Name

Associate Laboratory Director /L—"__\ A——/’
for Nuclear and Particle Physics

Kerstin Kleese van Dam
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Real-time information Distillation on
LDRD Type A
Pl: Jin Huang

Novel Al-Hardware

Resource
Category DESCRIPTION FY23 FY24 FY25
050 Salary - Scientific 22,730 23,679 62,039
051 Salary - Research Assoc 127,323 204,849 158,361
050 Salary - Professional 0 0 0
050 Salary -Technical 0 0 0
050 Salary - Management & Admin. 0 0 0
Total FTEs 1.32 1.97 1.66
TOTAL SALARY/WAGE & FRINGE 150,052 228,528 220,400
various Contracts - Low Value 0 0 0
280 Foreign Travel 7,000 7,000 10,000
290 Domestic Travel 0 0 0
various Purchase - computers & misc 10,590 2,512 1,245
TOTAL MSTC 17,590 9,512 11,245
170 Relocation Expense 10,000 0 0
240 Registration Fees 0 0 0
271 Communications 1,200 1,230 1,261
TOTAL COM/MISC 11,200 1,230 1,261
various Contracts 0 0 0
340 Special Procurements 0 0 0
TOTAL SPECIAL PURCHASES 0 0 0
312/314 Equipment Low - value 0 40,000 40,000
TOTAL EQUIPMENT 0 40,000 40,000
TOTAL OTH-ALLOCS 0 0 0
480 Space 1,500 1,535 1,570
TOTAL SPACE 1,500 1,535 1,570
TOTAL DIRECT COSTS 180,342 280,804 274,476
251 Electric Distributed (Electric Power Burden) 1,501 2,285 2,204
700/701/481 Organizational Burden 30,293 43,147 42,640
TOTAL ORGANIZATIONAL BURDEN 31,793 45,432 44,844
745 Procurement (Material Handling) 1,231 3,466 3,587
710 G&A Burden 0 28,049 27,507
711 Adjs to G&A Burden
720 Common Support 86,633 122,831 120,459
722 Safeguards & Security Assess 0 0 0
746 Adjs to Procurement Burden
TOTAL LABORATORY BURDEN 87,864 154,346 151,554
705 LDRD Burden 0 14,417 14,126
TOTAL PROGRAM COSTS 300,000 495,000 485,000
* Note: there is a 7% lab support for post docs
Labor FY23 FY24 FY25
Band Name FTE Amount| FTE Amount FTE Amount
RA2 Post Doc (CSI) * 0.74 78,190 0.93 102,424 0.93 105,574
RA2 Post Doc (PO) * 0.47 49,133| 0.93 102,424 0.47 52,787
SCI1 R. Yihui Ren (CSI) 0.03 5,524 0.03 5,755 0.03 5,932
SCH1 B. Yoon (CSlI) 0.03 5,624 0.03 5,755 0.03 5,932
SCI2 J. Huang 0.05 11,681 0.05 12,170 0.20 50,176
Total 1.32 150,052 1.97 228,528 1.66 220,400
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Dr. Jin Huang
Brookhaven National Lab
Physics Department

P.0. Box 5000

Upton, NY 11973

Re: Real-time Information Distillation on Novel Al-Accelerators
Dear Dr. Huang,

The purpose of this letter is to confirm the status of discussions between Graphcore and Brookhaven National Lab.
At Graphcore, we are interested in collaborating with you to facilitate the development of low-cost computing
platform utilizing probabilistic processor architectures. We will be happy to help your team optimize on our
Intelligence Processing Units (IPUs) as part of your proposal.

The Parties will collaborate as follows:

e The parties will enter into a two-way Commercial Nondisclosure Agreement (CNDA) to allow both parties
to disclose and discuss future development directions for pre-commercial, pre-release, and pre-
publication plans and products.

®  The Parties will share test and evaluation software from both parties through free license agreements for
the lifetime of the project.

®  Brookhaven National Lab will provide feedback to Graphcore on new and planned features and
application programming interface (API).

®  Graphcore will provide feedback to Brookhaven National Lab on designed algorithms and their technical
feasibility and provide technical support in the implementation stage.

®  Graphcore will provide one-month access to an off-site server at least for one user at Brookhaven
National Lab to evaluate the IPU platform.

e The Parties will engage in common public dissemination of the research results directly related to this
collaboration, where authorship and attributions are going to be determined mutually based on the
contributions of participants from The Parties.

The Parties agree that the terms of this Letter of Support are not binding on either Party and do not create any
legal rights or obligations for either Party, notwithstanding those that will be covered by the terms under the
CNDA. The collaboration outlined above is only intended to facilitate discussions and preparation of any further
documentation describing the final understanding of The Parties. The Parties, in good faith, will negotiate the
terms of a Memorandum of Understanding, based on the described outline and in concordance with applicable
institutional rules and regulations.

We are looking forward to a fruitful collaboration with you on this project, and we wish you good luck in your
application.

Sincerel

P

yd

i~
Jacob Moulton
Head of Federal Sales
jacobm®@graphcore.ai
{(860)-576-1606

GRAPHCORE INC
167 Hamilton AVE #300 | Palo Alto, CA 94301
+1 833-878-3929
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Lightmatter, Inc.
100 Summer St.,
Boston, MA 02110

June 16th, 2022

Brookhaven National Laboratory
20 Brookhaven Ave
Upton, NY 11973

To Whom it may concern:

This letter is intended to demonstrate Lightmatter’s support and interest in collaborating with
Brookhaven National Laboratory on solving scientific computing problems using Lightmatter’s
photonic compute and interconnect technology. As Lightmatter’s technology is designed as a
general purpose accelerator, there are many areas of exploration possible. Specifically, the
following areas are of particular interest:

1. Exploring real-time scientific computing problems which require high computational
throughput and low round-trip latency

2. Investigating the effects of quantization and analogue noise inherent to photonic
accelerators as it relates to accuracy for scientific computing problems

3. Researching the impacts of analogue noise during training and how they influence
model robustness, and security against malicious attacks.

Given Brookhaven’s expertise in solving challenging scientific problems and strong technical
acumen, Lightmatter considers partnering with Brookhaven National Laboratory on these topics
a priority. VWe look forward to supporting the Brookhaven team in demonstrating next generation
compute being brought to bear on the world's most challenging scientific problems.

Sincerely,

AN Fk

Bradford Turcott

Director Field Applications Engineering at Lightmatter, Inc.
480-620-2683

bradford@lightmatter.co



UNTETHER Al

Support Letter

Untether Al and Brookhaven National Lab

The team at Untether Al is hopeful to work with Brookhaven National Lab (BNL) to explore
artificial intelligence acceleration. The collaboration is an opportunity to solve some of BNL's
most demanding compute challenges with Untether Al hardware and software, while giving
Untether Al valuable experience and exposure to the cutting edge of high performance
computing. BNL would have the opportunity to influence the Untether Al technology roadmap,
and apply to participate in the Early Access Program for next generation silicon and software.

BNL'’s expertise will directly contribute to Untether Al’s ability to build products for high
performance computing and scientific computing, and would be a valuable partner to increase
the awareness of our solutions in this space.

Sincerely,

George Totolos
Business Development Manager, Untether Al
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