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Personalized Recommender Systems

Personalized recommender systems

are at the core of a number of online

services providers such as Amazon,
Netflix, Youtube, and Facebook.

Recommender systems contribute:

- Amazon: 35% of annual revenue!

- Netflix: 75% of all content consumed

- Youtube: 60% of the clicks on the home screen’
- Facebook: 79% of datacenter inference cycles?

1 Dietmar Jannach and Michael Jugovac. Measuring the Business Value of Recommender
Systems, Trans. Manage. Inf. Syst. 2019.
2 Gupta, et. al. The Architectural Implications of Facebook’s DNN-based Personalized

Recommendation Models. HPCA 2020.
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Modern DNN-based Recommender Systems
DLRM: Bottom MLP, top MLP, embedding layer, and feature interaction layer

Click Thrpugh Rate

Top MLP ¢ The output is the predicted click-through
QO - @1@ = Q0 rate (CTR).
QO @ 9 -9 e

Feature Interaction

L2222 0@@@ 2000
Sparse MIﬁg

|Bottom MLP I —_ - ——
Embedding|table ]
QOO - O Inputs to the model are a collection of
DNN stack dense and sparse features.
©O0 - O
?

SROASOENS) Dense (numerical) features Sparse (categorical) features
Q Q Q Q g! !QQ! g—g Dense features describe Sparse features are transformed
Dense input Sparse input continuous inputs that are to a dense representation by
processed with MLP layers i.e., looking up embedding tables in

fully-connected layers. the embedding layer.

A Atypical architecture of deep learning
recommendation model (DLRM).




Modern DNN-based Recommender Systems
Embeddings and embedding tables

Word Word Embeddings (6D)
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A An embedding table is a sort of "lookup table", indexed by the unique IDs of the sparse categorical features.




Memory Capacity Scaling Challenge of Embeddings

| Embedding layer size | | Memory capacity scaling trends | | Call for new solutions

The size of an embedding layer scales Embedding tables can commonly contain Just use more DRAM?

proportionally to: billions of embedding vectors and would - Total cost of ownership (TCO) is high as data grows
take up hundreds of GB of memory!. fast.

- the number of embedding tables - Keeping these memory capacity hungry
Models at the 1-10TB scale have also been embeddings in memory is practically impossible for

- the number of embedding vectors, or deployed at Baidu and Google. large scale recommender systems.

rows in the table, and :
ws ’ Both number of features and embeddings How about use solid-state drive (SSD)?
- the dimension of the embedding vector, have grown an order of magnitude in only - Large capacity: storage capacity up to 100 TB3

three years=2.

or columns in the table. - Good performance: low latency and high throughput

- Low cost: cost per gigabyte between $.11 and $.30

In large-scale deep learning-based recommender systems, limited physical memory
capacity constrains the recommendation model that can be deployed.

One promising solution to this problem is storing embedding tables on much larger
solid-state drives (SSDs).

1 Gupta, et. al. DeepRecSys: A System for Optimizing End-To-End At-Scale Neural Recommendation Inference. ISCA 2020. 5
2 Lui, et. al. Understanding Capacity-Driven Scale-Out Neural Recommendation Inference. ISPASS 2021.
3. https://www.techradar.com/best/large-hard-drives-and-ssds
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Problems of Storing Embedding Tables in SSD

Motivation Experiments

»  Setup: P ---- DRAM-only SSD-L -+ SSD-M — SSD-S
- Open-source deep learning recommendation model (DLRM) 30 ' ' ' '
framework and Criteo Ad dataset. g’
7
- On-demand caching: Store embedding table in SSD and keep the S
recent and often-used part of the embedding layer in memory via file s
system page cache. §
o
- Evaluate three configurations of memory size, i.e., large (30GB), E
medium (10GB), and small (1GB). - i.__._ LA B B B S B S s B B B I 1
~— 200 216-.220 230 240 250 260 270 280 290 ,<300
- Compare their latency to the original DLRM, which assumes infinite Lower is better. TTeell - ,"
memory capacity and stores entire embeddings in DRAM, indicating Tl - ',"

the upper bound performance. 30

20—

» Result:
As the amount of memory decreases, the inference latency of "
baseline SSD increases significantly and shows 5x slower than the A A A
Ideal performance' 0 ‘ 2‘0 ‘ 4‘0 ‘ 6‘0 ‘ 8‘0 ‘ 160 ‘ 1%0 ‘ 14‘10 ‘ 1(‘50 ‘ 12‘30 ‘ 20‘0 ‘ 2é0 ‘ 24‘10 ‘ 2f‘30 ‘ 2{-‘30 ‘ 300
N inference iteration (1K inferences per iteration)

Average inference latency (ms)

A Inference latency of a recommender system.




Problems of Storing Embedding Tables in SSD

Performance Overhead Analysis

20| [@ Top MLP & Embedding (memory) - Inference latency is dominated by the embedding layer, while the rest of the layers
4 | ([ Bottom MLP @ Embedding (kernel I/O stack) iotri
B Feature Interaction Embedding (device) are almost evenly distributed.

15

- Operations inside the kernel I/O stack account for a large fraction of total 1/0 latency
for all SSD-based recommender systems.

10

Inference latency breakdown (ms)

‘ N - Device layer latency increases rapidly as the size of available memory decreases.
INNNN

DRAM-only SSD-L SSD-M SSD-S

A Inference latency breakdown.
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o » -~ SSD-L SSD-S 89.6X
o3 80 — P .=. SSD-M : : : : - - . . . . . . . . ;
3 Z _ SE— S
S .0 7
g 404 _/" SSD-L |3.7X
“6 ) ./'f,\ ’,—\ I
R 20— ./‘.—/—,' ~oe ~~'~..o’“‘--' —————— N g : Idea”y'needed i|
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0 TTTTTTTTTNTTTTTTTTTNTTTTTTTTTNTTTTTTTTTNTTTTTTTTTNTTTTTTTTTNTTTTTTTTT 10 10 10 10 10 10 10 10 10
5 1000 2000 3000 2000 000 5000 2000 0 1x10"° 2x10"° 3x10"" 4x10"" 5x10"° 6x10"" 7x10"" 8x10'"" 9x10
Run time (s) I/O traffic (bytes)
A % of pages cached in page cache during inference. A Read l/O traffic of a recommender system.
- Under high memory contention, recommender system suffers - Because of a critical shortage of DRAM, thrashing occurs, leading to more 1/O
from thrashing, or excessive page swapping. requests to SSD.

- The 1/O granularity of recommender systems and underlying SSDs mismatch

oy




Problems of Storing Embedding Tables in SSD

» Key Challenges

Click Through Rate

— Challenge 1: High 1/0O stack overhead 1 :
° ° P llce 00 -00

©0 -00 - 00

Feature Interaction 1

DD = DD DD = DD DD

Sparse feature pooling { Emb

— Challenge 2: Large SSD read amplification

edding Layer

»  Our solution: FlashEmbedding Bottom MLP e e |
© 9 @ ~ Q) )

DNN stack
— Key idea 1: Allow recommender systems to directly access SSD 00 é
i

Ol
©o00 -0
PP - @

Dense input Sparse input

— Key idea 2: Support lookup embedding tables in fine-grained granularity

A Storing embedding tables in SSD




FlashEmbedding Design Overview

Storing Embedding Tables in SSD for Large-Scale Recommender Systems

» Hardware: EV-SSD, an embedding semantic-aware SSD

— To support embedding vector lookup requests by taking advantage of Application DNN-based Personalized
. . . . (User space) Recommender System e=———
two-stage fine-grained reading and MMIO interface Ermbedding Vector| |I——F
g Vector B S
Cache (EV-Cache)| |C——
R s e ' Tev-sspapi
. : - é | - s
»  Software: EV-Cache: an embedding vector cache e oo 2!
T T |
— - i i i i Page Cach 1 £l
To reduce Fhe access to EV-SSD by applying a bitmap filter and robin Operating | 5!
hood hashing-based LRU caches System Generio Block Layer | 1
(Kernel space) || 10 Scheduler Layer \ %: e L];er Wew |
. . | Device Driver Layer | " EV-SSD Device Driver _‘ -
» Putting it all together: Pipeline T e | Ev-85D oMDs
— To hide the 1/O latency further by overlapping CPU computation with EV- Embedding Vector SSD (EV-SSD) Embedding Table
[ ] [ ] [ ] [ ]
SSD handling Hardware || | | | | i
[
[ | [ | [ | [ |
[ ] [ ] [ ] [ ]

A FlashEmbedding design overview




Embedding Vector SSD (EV-SSD)

Overview
» EV-SSD extends conventional SSD with the following
modules:
—  MMIO Manager
— Embedding Vector Translator (EV Translator) ; NMe Controller |- | Ev-FC] Flash Channels
— Embedding Vector Flash Controller (EV-FC) | wl el il = ol il
_ i § | MMIO Manager | ! ash Channe
Embedding Vector Merger (EV Merger) | e o r o eur] [ Ev-rc] e Chamel
! : Lo
| [ [] 7l eV : | [
. . . i > Index Buffer E !Translator w Flash Channel M-1
Two-stage fine-grained reading strategy | j I—
i ‘ DMA Controller ‘ i EV M‘e‘rg‘er . ..
i $ i Egg‘ H W ﬁlash Channel M
) " || o
Device stage Flash channel stage [ [Quelited EVEBUer 7| Coval L] Controllers [ ]-]
EV Translator is used to EV-FC only fetches the A EV-SSD architecture
translate EV lookup indices, desired EV data from flash
and EV Merger takes charge of channels.

merging the scattered qualified
EV lookup results returning by
EV-FC.




Embedding Vector SSD (EV-SSD)
MMIO Manager

»  MMIO Manager is dedicated as EV lookup interface:
— EV-SSD supports both block 1/0 requests and EV
lookups, which are handled by the NVMe Controller
and MMIO Manager separately.

MMIO Manager support two modes:

Host-side memory interface DMA data transmission

Transfer data blocks in bulk,
including the lookup EV
indices and qualified EVs.

Exchange small control
parameters with low latency,
such as embedding table ID.

PCle

NVMe Controller

MMIO Manager
EV Reg.

Flash Channel

0

Index Buffer

[

‘ DMA Controller ‘

!

Qualified EV Buffer

Controllers

A EV-SSD architecture

ﬁ@ G — \

i o ia |***| im AR

i r ST W F.lash Channel 1 |
iTranEs\I/ator E ‘ H . ‘.
eneaer w Flash Channel M-1 ‘
EV Merger . .. . ‘.
Egﬂ } } W F.Jash Channel M |
EVAL [ ]
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Embedding Vector SSD (EV-SSD) v ]

| Read EV Reg !

EV Translator Index Buffer || . Index Offset Read | Req
@ V (5 LBA &;Size
» EV Translator is designed to parse the EV index in a table ! ® !

|
to the LBA (logical block addressing): i St;r;cchBA
— When a batch of EV lookups comes, the host side informs the : e
|
|
|

Index Range Extent ID

Buffer
@

A

A

A

EV translator with table ID and batch size and sends indices

|
|
|
|
|
|
Embedding Table|Meta :
|
|
|
|
|
|
|

group to the Index Buffer in DMA mode | ID | Index Range Start LBA
EV Re TablellD (0, a) 0x 0000XX
g i 0 | (atl,b) 0x 000XXX
| | | SR N - ]
EV-SSD side translates the EV request in the following steps: ' K
A Y o
. K4
1. EV Translator fetches the metadata of the requested table to the * e
3 L4
SRAM for faster access. L § Flash Channel 0
v 4 EV-FC
2. Read EV Req fetches one index from the Index Buffer each time. q1 NVMe C°””°”e'r“ 7N: - , ‘ ‘
. . Ny a_ | ,' Qo | iz |l im| """ | Jo | j1|**
3. The extlent III.) of the. current index is calculated by repeatedly & T MMIO Manager ‘\E i R
comparing with the index ranges. i EV Reg b # EV-FC| [
! . B m
4. According to the extent ID, the start LBA of the EV is determined. ; [T ] : | : - : ‘ H
5. Figure out the final LBA of the EV and size of read request (EV i -] Index Buffer : | iTranslator D W Flash Channel M-1
size). i T i “““““ === |\E/|e — |
! I
i ‘ DMA Controller ‘ | EV M‘et"g‘er <y ‘ ..
EVO as anne
i ! i Evil || ﬂEV-FC‘ F.I h Channel M
< e AR .
i___olu_a_lfl_e_d__y__lifffr___l Eval || Controllers ‘ .‘

A EV-SSD architecture




Embedding Vector SSD (EV-SSD)

EV- FC LBA & size PBA & partitioned size

»  Fine-grained data transfer: Sector | ¥ Channel | Bank | LUN | Block | Page | Col M
— LBA are transformed to PBA (physical block addressing), read
request size is partitioned.

1 H H Flash Channel 0
— The data transfer starts from the offset, and size is configured to__ | NVMe Controller . - EV-FC]| |
EViiash_size When performing the EV reading request. ; Tl Tl T
_ S | MmoMm | o Chomne
The whole page data are flushed fromlthe flash cell to the flash & i > R:nager N r somear] Hevecl Flas el
buffer and then transferred to the outside controllers. We drop the— ] g‘ | ) T
remalnlr?g data on this page due to the overall poor locality of the | o Buffer | !Trangator b P hamer
embedding workload. | T LSS =
— The read latency of data transfer is reduced to EViiash _size/Page i | DMA C%ntroller | E\év'\o"f‘rg‘er N | FNI"'h\Ch -
i i i ! J [REZER | EV-FC| o
size of the original transfer time. ——{ Qualified £V Buffer k| [
P i Conlrollers \ \ . ‘

A EV-SSD architecture
EV-Merger
» EV Merger is in charge of merging EVs from different channels:
— When the batch of EV lockups are all finished, the status register in EV Reg. is set to ready.
— Before reading SSD results, the host will check the result status register in SSD first using MMIO.
Once it is ready, data in Qualified EV Buffer will be transmitted to the host in DMA mode.




Embedding Vector Cache (EV-Cache)

Overview

»  Bitmap-based index filter

»  Robin hood hashing-based LRU caches

Hit (1, 4, 5,...

A

] 25 oy 1
\:H’n

3

A

Input: Embedding Indices
v v vy b
o 2] [e]4]s - B 5|
v v v Yy vV v ¥ v v index (table size)
0 1 2 3 4 5 6 7 8 9 10 11 12 13 . - - [
(ot Ao [1[0[0f0[0[ [ |
[ofrlif1lof1fol1[ofofofofofo] [ [ [0J| Jindex
Bitmap v ookup EV-Cache 36¢€ss count
o, 2, . Threshold(t22)  4(1.9,4,5,..)
Lookup Embedding Vector Cache (EV-Cache)
EV.SSD 5 EV5 6 EV6
1 EV 1 4 EV 4
) @ NS =
Miss (9)I @

Embedding Vector SSD (EV-SSD)

EV O

EV 1

EV 2

EV 3

EV 4

EV 5

EV 6

EV7

EV 8

EV 9

A Workflow of embedding lookup with EV-Cache

. Input indices are filtered by index filter. Index filter use access count from the bitmap

to determine whether an embedding vector should be cached or bypassed.

. If the access history bits indicate high locality than a user-specified threshold t, it will

look up and load corresponding internal vectors from the embedding vector cache.
Otherwise, the requests bypass the embedding table cache.

. Together with those missed in the embedding vector cache (a rare case), they are

forwarded to SSD to initiate an SSD embedding lookup.

. Embedding vectors loaded from SSD will send back to the upper layer for further

process.

. If the access count is greater than or equal to the threshold after this access, we will

add newly fetched embedding vectors to the embedding table cache.

14



Embedding Vector Cache (EV-Cache)

Bitmap-based index filter

»  Insight:
— A small subset of embedding entries exhibit relatively higher reuse
characteristics while most vectors are rarely accessed. Input: Embedding Indices
LENE 2 2R 2R 20 | vy
»  An index filter based on the bitmap. 0[1]|2 9 4|51 15
—  Two bits are given for each embedding vector in an embedding table to vV v v v t - *12 - v v index (table size)
represent the access frequency: never accessed, once, twice, and three or |[[0[1[0[1[1[1]1]0[1[1[0[0[0[0 1 }_Z-bit per
0/1/1/1{0}1]{0]1]/0j0j0]0|0]O 0 index
more times. 0 3+ 1 3 2 3+ 2 1 2 ¢2 1 0 0 0 - - - 2
Bitm ap access count
©0,2,..) Threshold( t = 2)
» A given threshold decides whether a vector is to be added to the cache or not. LO’OkUp (E(,)é)l,(jé 5,..)
— If the access frequency is smaller than the threshold, send indices to SSD. EV-SSD EV-Cache
— Otherwise, send indices to SSD and add the loaded vectors to the
A Index filter

embedding vector cache.
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Embedding Vector Cache (EV-Cache)

Insert Lookup Embedding Vector
Robin hood hashing-based LRU caches | ) (cache hit)
»  LRU (least recently used) based vector cache: — Embedding Vector Cache (EV-Cache) ) \\
— Use a hashmap to store key-value pairs, and a circular :
. : LRU Cache 0 LRU Cache 1 LRU Cache n-1| | LRU cach
double-linked list to record the access order of each element. aene acne acnen aenen
— Use a set of LRU caches to serve embedding lookup T3 _______________________________EEUCgche1
requests in a multi-threaded environment. 7 o _____ :
[T P . | |
. . . I
»  Requirements for an efficient hashmap for EV-Cache: 18—~ 1 | : | ||
| TR i ; ¢ l
— Look up and insert should fast. 5 EVNode |<| EVNode || EVNode || EVNode k| EVNode
. . . . X
— Look up should fail fast for searching a non-existent key. Rﬁ:gh'?:qo" 'V'Ojtt;ﬁ)ce”t Circular Doubly Linked List (LRU List) Lejﬁz;‘f;e”‘
1 1
1 | |
»  Robin hood hashing': ' \
. . . . v M
— Open addressing with robin hood collision resolution strategy. mput: [ 12 [ 7 | 26 31 13 | Hashfunction: H(key) = key mod N Home bucket: 13 % 6 = 1
I\S/IE:)T:fzilv_ard 12 s PSL 12 12 12 12
— Robin Hood hashing reduces the maximum probe sequence -t o oo forvarg——-L - p— —
1 7 7 ro—l PSL#++ H_I 7 o Higher PSL. 7 [0]  Move forward 7 o7 7 o]
ap n . . . 2 31 31 13 31 wap 31 PSL++ 31 31
length and the long tail in probe sequence length distribution. e 5 l 5 - B [T e [T
4 — — — — l — 26
5 — — — ] ]
(a) (b) (c) (d) (e) (f)

A EV-Cache architecture

*\jﬁ 1 Pedro Celis, et. al. Robin hood hashing.SFCS 1985. 16
&0 v@’



Putting It All Together

Pipeline

»  FlashEmbedding follows three steps to process indices and lookup
an embedding table

— prepare indices,

—  send indices, and « Inference i e Inference i + 1
— lookup embedding vectors in SSD. @) Host | Frepare | Send Idle Prepars. IR
sso| | e |
EI Prepare sub-indices n Send sub-indices n Lookup embedding vectors of sub-indices n
»  Pipeline Host [rolsolp1|si| Idie |pols2| Idle [palss Idle pojsolp1|si| Idie |p2ls2| Idie |po
— partition the input indices in a large batch into several small (S e o
parts, and SSD Lo L1 L2 L3 Lo L1
— send the prepared sub-indices to SSD in time, ) Inference i T Inference i + 1
— once the EV-SSD receives the indices, it can then perform an Time

embedding look up, and

— the host CPU continues to prepare the next part of indices.

17




Implementation
EV-SSD

»  We implement our prototype EV-SSD based on FPGA on AWS F1:

— Enrich the FPGA chip to realize the functionality of EV-SSD
controllers, and

— Employ four DDR4 banks to emulate four flash channels,

— Modify the NVMe driver developed by Insider framework?! to
imitate the working mechanism of real NVMe protocol,

— Add a delay unit in the FPGA to emulate the read latency.

EV-Cache

»  We implement EV-Cache in C++ and integrate it into the PyTorch-
based DLRM framework?:

— Intercept the function call for embedding lookups from
EmbeddingBag operator to EV-SSD

— Robin hood hashing?

Image credit: Amazon AWS, Pytorch Project

FPGA Acceleration Using F1 fEz
BB E

EC2 F1
Instance

Amazon
Machine

Image (AMI) Amazon FPGA

Image (AFI)

O PyTorch

1 https://github.com/zainryan/INSIDER-System
2 https://github.com/facebookresearch/dlIrm
3 https://github.com/martinus/robin-hood-hashing

18
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Evaluation

Experimental setup: End-to-end Performance
- Evaluate on AWS EC2 F1 instance with a Xilinx Virtex 57 Plus
UltraScale XCVU9P card.
{289
(2]
- Use DLRM framework and conduct experiments on public real- E 15% """ STpMP 7| 'Fe$t‘ur'e'_mt'er‘a<:tion“
world dataset from Criteo Al Labs. g @ Bottom MLP Enjbedding Lookup
% 10_: ...... 1 22 ................. 2_89Xl ..................
- We store the five largest embedding tables (around 4GB total) on 8 ] ' 102 1 - 0.91
SSD and the remaining 21 small tables in DRAM (around 70MB < 57 ' Wmﬁ
total). S ]
0- o o | | | "
. S S5 n ng [\
- Default batch size to 128. Default embedding dimension is 32. Base\\“es e SSSD *E\J—OacF\as pedd™ | joa OF
Embeddings are stored in fp32 format. BV

- EV-Cache: use a threshold of 2 for bitmap, 1% of embedding

table size for cache size (total cache size is around 40MB). Up to 2.89x speedup compared to Baseline SSD

- EV-SSD: evaluate three typical read latency of low- to high-end Comparable performgn;e to ldeal DRAM. This
SSDs, i.e., 4us (default), 10us, and 30us. opens up new possibilities to store and lookup

embedding tables on SSDs for large-scale
recommendation with limited memory capacity.
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Evaluation

Effectiveness of Proposed Techniques

V¥V Embedding lookup

Baseline SSD :
EV-SSD | 7308 1744
EV-SSD-I-EV-CaChe_ e e S P
FIashEmbeddlng : : : : : : : ' ' : : : : : : '
N L L L L B I ' ' P LT

4 5 6 7 8 9 10 M1 12131415161718
Normalized Latency

FlashEmbedding achieves up to 17.44x lower latency in embedding lookups

Baseline SSD
BV-SSD W44 18
EV-SSD + EV-Cache
FlashEmbedding

T | T | T | T | T | T | T | T | T
0 1x10% 2x10° 3x10° 4x10° 5x10% 6x10° 7x10° 8x10°
I/0 traffic (bytes)

FlashEmbedding and its variants incur much less read 1I/O traffic than Baseline SSD.

Sensitivity Study
Baseline SSD EV-SSD
3 1658 ~ 6.31 © 6.32 - 6.46
=3 NN\ P INNS\\EE 3 R
g N ;
| . .
Y B \ NN\ B BN\ AN NN
(0] . X
O z z
g 2__ 128 112 104 Sy
S A Z) A
64 128 256 512
Sensitivity to batch size: EV-SSD scale well.
Pl 5 P Y O —
%6_ 288 [ €) 10us &) 30 us |
Sl F
e} . .
81 208 § o 2.11
g 7] 1 1 138 % 1 1.07
S, N NN

I
EV-SSD EV-SSD + EV-Cache FlashEmbedding

Sensitivity to SSD latency: FlashEmbedding
shows better scalability.

Cache size 01.% 1% 5% 10%
Normalized Latency 1.19 1 099 1.09

Sensitivity to EV-Cache size
20



Conclusion

»  We propose FlashEmbedding, a novel system architecture for storing embedding tables on SSDs for
large-scale recommendation inference under memory capacity-limited systems.

»  We identify two performance problems of current architecture:
— the long 1/O stack and
— the tremendous read amplifications of the block-interface SSD.

»  We propose three key optimizations to address both problems:
— embedding vector SSD,
— embedding vector cache, and
— pipeline.

» The evaluation results show that FlashEmbedding outperforms the baseline.
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