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1. Compute-Bound Query Processing

" Enables sustained throughput scaling at near iso-latency

= Unlocks peak compute utilization across pipeline depths
2. Compact Active Memory Footprint

= Reduced per-query memory footprint

=  Multi-query concurrency with minimal memory overhead
3. Throughput-Dense Silicon

= Near-linear throughput scaling with chip count

= |so-throughput targets with significantly fewer accelerators
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Background knowledge & Motivation
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Overall Architecture
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Abstract -- Visit our homepage on gainsight.stanford.edu!

As Al workloads drive soaring memory requirements, there is a need for higher-density on-chip memory for domain-specific accelerators that goes beyond what current SRAM technology can provide. We motivate
that algorithms and application behavior should guide the composition of heterogeneous on-chip memories. However, there has been little work in factoring dynamic application profiles into such design deci-
sions. We present GainSight, a profiling framework that analyzes fine-grained memory access patterns and computes data lifetimes in domain-specific accelerators. By combining instrumentation and simulation
across retargetable hardware backends, GainSight aligns heterogeneous memory designs with workload-specific traffic and lifetime metrics.
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l. Motivation:
Memory Wall Problem [1]
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lll. OpenGCRAM:

To enable fast, accurate, customizable, optimized Gain
Cell bank generation and performance simulation

targeting for Al workloads:
We need a Gain Cell compiler

Il. Methodology:

Port memory compiler [3] to new PDK

Step 1: technology script

Device libs

*

Spice

R-\V/-1g

definitions and

or models

Step 2: customized bitcell and modules

Write Spice
Netlists

DRC rules

Schematic
and layout
design

Step 3: fix DRC & LVS errors
Fix
errors

DRC & LVS
Check

Add support for new memory technology

parameters

Step 1: cell-level and array-level configuration

Step 2: peripheral circuit connection

Step 3: peripheral circuit redesign

ll. OpenGCRAM

« GCRAM vs SRAM: schematic

(a) 27 si-Si GCRAM
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lll. Results:

OpenGCRAM: An Open-Source Gain Cell Compiler
Enabling Design-Space Exploration for Al Workloads
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N-P Oxide Semiconductor Complementary Gain Cell (CGC) Memory
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Conserving Memory Bandwidth in SmartNICs
with Flow-Based Memory Addressing

Il DAM

Bandwidt

Agur Adams, Colin Drewes, David Shim, and Ben O’Keefe

Problem

SmartNICs cannot easily perform complex network analysis
at line rate due to limited memory bandwidth.

Network line rates have significantly increased:
= Increased speeds has led to reduced visibility
= High traffic volumes overwhelms most analysis tools

Complex analysis at line rates =2 100 Gbps requires on-NIC
processing:

= Switches and routers support only simple analysis

= Specialized hardware can be costly or hard to program

SmartNICs have limited memory bandwidth relative to their
line rates:

= Copying data to reassemble byte streams is expensive
= Careful cache management required

DRAM DRAM BW NIC BW Ratio
per core  per core

Cores NIC

Google Cloud C3 2x 8-ch
Sapphire Rapids 176 200 Gbps DDR5 3.49GB/s 0.14 GB/s 24.93
BlueField-3 2-ch
SmartNIC DDR5 16 400 Gbps DDR5 5.60 GB/s 3.13 GB/s 1.79
_________________________________ Segment 2 Segment 2
i Evicted Bytestream of !
______ Segment1,2,and3 Segment 3 Segment 3
Memory ‘ @ Segrr)1ent 1 @ Memory Segment 1 @
\ \ 2x Copies / 1x Copy / 1x Copy
e\ |\ 7] L
Segrrtent 1 Seng:ent 2 Segment 3
@ N0 ®
L1 Cache L1 Cache
CPU CPU <\——> Translation Table (1)

Goals

We aim to create a SmartNIC packet processing pipeline
capable of arbitrary network analysis on reassembled TCP
bytestreams at 200 Gbps using flow-based addressing.

adamsas@stanford.edu

Solution

Advised by Phil Levis and Zakir Durumeric

Using flow-based addressing, a SmartNIC can make the

payloads of a series of packets addressable as a
contiguous region of memory without a copy.

The SmartNIC populates and manages a translation table
of all transport-layer segments of a flow.

Example: 4015 bytes received in three TCP segments
(assuming a maximum segment size of 1460 bytes)

Translation Table Memory
Addr Len Off OXFFFFFFF
0x0400000 Ox5B4 0Ox5B4 .
OXOCOP0P0  ©x5B4  OXB68 i 52 bytes
©x1000000 Ox447  OXFAF .
Segment 1 —
64 bytes
Last Off ©xB68 0Xx0400000 | 64 bytes
+ Len 0x447
New Off ~ OxFAF 0x0000000 |

Impact
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Preliminary Results: To quantify the cost of copying
overhead on packet processing and the benefits of our
optimization, we emulated the translation table in software
and measured the time spent on copying versus application
processing in two network applications: linear scan and
regular expression matching.

= DRAM access reduction: 32.2% (linear) / 39.1% (regex)
= Throughput increase: 40% (linear) / 11% (regex)

Design

We are building out the proposed flow-based addressing

scheme on an AMD Alveo U250 FPGA-based SmartNIC.

Key aspects of the design include:

= Large number of RISC-V CPUs in parallel for flexible
network analysis

= TCP connection tracking for flow-level awareness and
timeouts

= Linked-list assembly for on-demand memory allocation

Legend ettt ettt ottt ettt el
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|
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| | Mover |____ |
n CMAC | QsFp2s
Custom HW [
Xilinx IP » FPGA.

How do you insert and manage the table at line rate (e.g.,

fragmentation, garbage collection, etc.)?

= \We observed approximately 22,000 new flows a second
(~145 Gbps) on the Stanford Campus network.

= \We estimate ~32 ns between packets at 200 Gbps.

How large do you make the table?

= ~80% of all flows on the Stanford Campus network are
less than 1100 bytes long, which means a translation
table with just 18 entries could support most flows.

Should you use virtual or physical addresses in the table?
= We use physical addresses in our FPGA implementation
but are considering both options.

How does the translation table interact with the cache?

= Could use the translation table to prefetch for the
SmartNIC CPU’s cache
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