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» Storage parameters

*Node in a cluster
*EW vs. NS, RDMA
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Storage parameters

What to consider when you create an architecture for storage

Location: bandwidth Connectivity

» PCle peer-peer
- NS, EW; RDMA

Driven by apps
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Storage in data center architecture

Different concerns and opportunities for each part of the data center storage architecture

Adaptive routing,
congestion control

EW Network
4 ) / p
4 h Cluster-local
) Storage
- ( g . ) \ c% - N Capacity (KV$),
Minimal latenc [ h Z |IOPs (data-centric), BW (DA)
A 1| [ A & Managed, BW/lat/OH w RDMA
tput for some HPC g A=
N Compute O Less contended than remote
\ | Node-local | @

Pamasn 1 Shared BW and IOPs
Remote for many GPUs,
_ Storage TCO with RDMA
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lllustration: Local vs. North-South vs. East-West RDMA

Consider separating 1) EW comms to “memory” and 2) NS for infra control and legacy storage

4 )

- Can't go faster than Gen5 in a CPU today —
- NS NICs from Gen5 match @ 400 Gbps __ GenoNIC
- NVMes hanging off CPU are Gen5

- GPUs are Gen6 (B300) [ EVV/ 1 Bw /OW
Gen 6 NIC Gen6 NIC faster storage

- EW NICs could match Genb @ 800 Gbps ) S ’ T~

- RDMA obviates the need to use CPU for TCP i i

- Genb NVMes in cluster-local storage can be

accessible over RDMA via Gent NIC
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lllustration: GB300 node

800 Gbps access to network, NVMes

.

c2C C2C czc\ /czc/
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PCle PCle PCle BCle
Switch \r— SVﬂ::f‘ wwitch \ -~ /{ SM{«:"
L8 X4 -,:'1-- X4 -4-.' “XR
e (5 —— Plle G5 PCle G5 FCle G5

- Genb matches 800 Gbps; supports 100 GB/s, 200 MIOPs @ 512B
- GPU-CX8 on Geno6; supplied with and qualified for 4:1 NVMe:GPU Gen5
- The above is 2x of Grace CPU-NVMe/NW on Gen5 with CX7
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* Copy Into memory for sparse access
* Direct access datasets of unbounded size

* Computing elements
* CPU vs. GPU initiation
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Work flow

4 )
Initiation cpu
“ CPU initiation, e.g. cuFileRead*
Create work queue entry \ s
Populate it with what to access et = 0(100) concurrency
Populate data buffer for writes / ) . . .
| | ! GPU triggering, e.g. cuFileReadAsync
Triggering from GPU enables >> concurrency d A
: : GPU
Triggering . )
Unblock access and make data ready
Triggering from GPU minimizes sync overhead i P )
Completion L y \\‘ GPU initiation and triggering, e.g. SCADA
\ v

Processing completion queue entries from storage
Make data available to compute for reads

Often even more limiting for speed than initiation
Implicitly associated with initiating device

O(100K) concurrency
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Application interfaces to storage

CPU-initiated

cuFile - file
cuObject - S3o0RDMA

GPU-initiated

Block, but interoperable - SCADA
SCADA API now - contiguous linear
SCADA AP| WIP - key value

Abstractions

RAPIDS.cuDF loader
NIXL for inference data and more
cuGraph.WholeGraph for GNN embedding data

cuVS for vector data and vector index
Thrust for CUDA C++ applications

Storage Implications for the New Generation of Al Apps — NVIDIA
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Data access tech overview: initiators

a N\ a I
CPU N GPU
Fewer threads | R More threads
N J\ . N Y
CPU-initiated - GPUDirect Storage (cuFile/cuObject) ~ ©"7Prect storage \t: SCADA
Predictable - set of accesses is known ahead of time 7 T

— -
Transfers of n pages — O(10) of threads saturate the PCle b/w Storage

Fewer threads, large 10 size — lower IOPs requirement S
Prefetch of content to GPU memory, while compute happening on previous batch

GPU-initiated - SCADA

Compute-driven — requests identified as part of compute, known only to each GPU thread
Fine-grained — O(100K) threads busy saturating PCle

O(100K) threads, small 10 size — high IOPs: 100 GB/s @ Gen6/512B = 200 MIOPs
Leverage SIMT latency tolerance and HBM's bandwidth for fast data processing

=SDGC
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Problems - solutions for concurrency

SC Scaled « 0O(100) thread CPUs limit concurrency =2 O(100K) GPU threads
» Partitioning - automatic GPU-GPU communication
 Memory fabric breaks at scale = introduce an API, support errors
A Accelerated © GPUs can't run a file system, can’'t ask CPU for help = GPU initiation

 (Canread into registers from |O - buffer in a cache on GPU
 (CPUs can't tolerate latency - GPUs do
 Too many fine-grained accesses - aggregation

Data

* Limited capacity in memory = unbounded storage

Access

 RAF problem from sparse access to big chunks read in = direct access

=SDG
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Bottleneck

Storage access

T

Compute-

Intensive
\_ /

—— T

LLM training

J

-

o

Inference model load,
inference KV$, multi-modal
small-model training

L

/7

All apps

App taxonomy: bottlenecks, dynamism, granularity

Data-

Intensive

/
Y, VecDB search/index,

predictive Al,

/K \ graph relational DBs

J

(U

CPU-initiated
predictable,

coarse-grained

/

\

/

<

GPU- |n|t|ated
dynamic, sparse,
fine-grained

4

Traditional focus for GPUs has been compute-intensive apps like training

The explosion of innovation for VecDB, predictive Al drives new technologies to fill the gaps

=SD¢C
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Styles of compute node - storage interaction

Compute-intensive apps
* [LLM training/inference

Data-intensive apps
GNNs, vector DBs, graph relational DBs

 (Generative Al  Predictive Al, search

* Working sets fit in memory  Working sets spill to storage

* Low bandwidth, not perf critical * High bandwidth, perf critical

« cuFile/cuObject, POSIX, S3  SCADA

 (Coarse grained, standard NVMe * Fine grained, customize front end
 NAND: large pages, low |OPs  NAND: many dies*planes, BCH, high IOPs
« TB/TCO « |OPS/TCO

-

-

CPU, file/object

-

GPU with cache, item

~

iRt

T
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Getting ahead of the trend

Category

Disruptive trend

What we need to do

Data reach by compute

10TB > 1 PB

Access storage like memory with an AP

Throughput and
concurrency

O(100)/CPU - O(100K)/GPU
Threads accessing data

New software stack with highly
concurrent caching, batching, and queuing

Access pattern

Sparse, random on vector data

Granularity

Coarse = fine

New storage SKUs
optimized for sparse access |IOPs/TCO

Programming model

GPU autonomy

GPU-initiated/completed, fine-grained
(SCADA)

Breakout out of artificial memory constraints
But then storage needs to keep up with memory’s sparse |IOPs

=SDC
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GenAl Applications

Ap8 e APIs | | CONTEXT s] [Ft;lg%TngN
Q _ 1= Al AGENT
O ‘
Prefill Engine Decode Engine
—7 5@ [«
Pretraining LLM Inference, RAG, vectorDB Agentic tasks
. . - Graph, KVcache, vector embedding,
Models (weights and checkpoints) KVcac_:he, vector embedring, vepctor indexed search/DB fine—g
input dataset (images, text, videos, audios) vector index, document chunks, e t chunk I, .
Input dataset, models grain gocument chunks, Input,
model weight, long-term memory
_ Medium to huge datablobs
Large datablobs Medium to large datablobs . . U8
Coarse-grain sequentially accessed Medium- to Fine-grain semi-randomly accessed Fine-grain semi-randomly accessec
g 9 y g y High throughput, low latency
Yesterday Today Future

=SDG
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Al apps: generation vs. prediction

Generation Prediction
Output Query response Recommendation
Generated code Filtered selection
Art, e.g. designs, music Trends and anomaly
Usages Chatbots, reasoning ECommerce, financial services, social networks, IT

Cost of error

Wrong, hallucinated answer
Debugging, escaped bugs
Artistic artifact

Mispredictions ok if usually right or better than
current approaches

Infrastructure

LLM

GNN, Graph Transformer, Graph Relational DBs

Computational complexity

High

Modest

Data needed in memory

Model weights, KV

Knowledge graphs, graph relational DB,
embeddings, model weights

Data needed In storage

KV$

Same as above, for bigger problems

Challenges

Running out of public data

Many new horizons ("big data"), data updates

Storage Implications for the New Generation of Al Apps — NVIDIA
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Memory required (GBs)
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Emerging workloads demand memory

Facebook[4]

Youtube[1] Alibaba[2] Amazon[3]

2016 2017 2018 2019 2020 2021 2022 2023 2024

Baidu[5]

Kuaishou
Technology [&]

Facebook[/]

Facebook][6]

GenAl Recommender Systems
1TB to 100TBs

Memory footprint (GBs)

32768
16384
8192
4096
2048
1024
512
256
128
64

32

16

- N H~ 0

'LAION’ZZ[Q]
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100 500 1000 5000 10000
m Vectors mIndex

Vector databases
1TB to 100TBs
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https://static.googleusercontent.com/media/research.google.com/en/pubs/archive/45530.pdf
https://arxiv.org/pdf/2106.12657.pdf
https://dlp-kdd.github.io/dlp-kdd2019/assets/pdf/a6-jiang.pdf
https://arxiv.org/pdf/1906.00091.pdf
https://arxiv.org/abs/2003.05622
https://arxiv.org/pdf/2104.05158.pdf
https://dl.acm.org/doi/pdf/10.1145/3470496.3533727
https://arxiv.org/html/2411.09425v1
https://arxiv.org/abs/2210.08402

App taxonomy: bottlenecks+APIs, intensity

Designing storage solutions hinges on understanding app requirements

: I
All apps
/_\/\J
g . t A s N 4 N
Bottleneck in?[rennpslijvee- - Data- VecDB search/index,
5 y 3 Intensive ) predictive Al,
- — graph relational DB
LLM training /'/\ N Y,
g ) a o > 4 S\
P N CPU-initiated GPU-initiated
Storage access - Inference model load, ~ ~~  predictable, dynamic, sparse,
inference KV$, multi-modal coarse-grained fine-grained
_ small-model training ] - € 4
Access API cuFile, S3/cuObject B cuFile, S3/cuObiject SCADA
O N O I
TB/TCO TB/TCO |IOPs/TCO

Storage 10 intensity

Remote N Local, remote ) Storage server

- Traditional focus for GPUs has been compute-intensive apps like Gen Al
- The explosion of innovation for VecDB, predictive Al drives new technologies to fill the gaps
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*VectorDB and RAG
* Predictive Al

Storage Implications for the New Generation of Al Apps — NVIDIA
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Vector (semantic) search pipeline for RAG

Vector
representation

» Embedding - Approximate neighbor
. : search

Storage Implications for the New Generation of Al Apps — NVIDIA
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Vector search / vector database

Online search

One-at-a-time queries
submitted at
moderately low volume

Individual search latency
important (typical SLAs
require <<100ms, usually
closer to 10ms)

Recommender systems,
semantic search (multimedia
search using vector
embeddings)

Consolidate CPU-centric
hardware while maintaining
10x lower latency

Offline search

10s to thousands of
gueries submitted at a
time

Query throughput is
important (typical SLAs
require 10s to 100s thousand
vecs/s)

Data mining and exploratory
data analysis algorithms such
as data clustering and
visualization

GPUs can process more
gueries in parallel than
CPU, delivering 34x higher

throughput

Index build

Training a machine
learning model

Build throughput is
Important

Training models for predicting
the approximate nearest
neighbors fast and with high
quality

GPUs can build larger and
higher quality indexes 20x
faster.

Disruptive movement of compute from CPU to GPU

GPU throughput matters for offline and index build but not online (RecSys, semantic search)

The total latency for traversing index graphs and fetching candidate neighbors matter.

Storage Implications for the New Generation of Al Apps — NVIDIA
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NVIDIA cuVsS

Library for GPU-Accelerated Vector Search & Clustering

=

0 pe N source Vector Databases

Vector Search Integrations

% © =

Open Source Libraries  Applications  Offline Workflows

Apache 2.0 License

o TAVAS

e Building blocks and end-to-end

iIndexing APls

e Multiple programming languages

Nearest Neighbors
Exact and Approximate Nearest Neighbors, Quantization, Pre-filtering, Dynamic Batching, GPU/CPU

Interoperability, Sparse Nearest Neighbors, Epsilon Nearest Neighbors, k-NN Graph Construction

Distance Clustering

httQS//glthUbCO m/ra_bldsal/cuvs Pairwise Distance, 1-Nearest Neighbors, Kernel K-means, Hierarchical K-Means, Hierarchical

Gramm Construction, Sparse Distances Agglomerative Clustering, Spectral clustering

https://developer.nvidia.com/cuvs

RAFT

High Performance Machine Learning Primitives

NCCL CUDA Math Libraries “ CCCL

CUDA

. | =SDGC
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Indexing of vector databases

Vector databases may be huge (PB) and get updated 2% per unit time, where that interval is shrinking
fast.

Every time the VecDB changes, the index either needs to be recalculated or incrementally updated.

Index build: Ingest all, write it once, read sequentially to build index, write index as sequentially as

possible.
Log-structured, dynamic (Pgvector/Postgres), global index (VESPA)

Index on disk update: read new data sequentially, sparse R/W of random locations in index

Actual writes are merges of coarser read data into a log structured merge tree as a flat index, with a coarse-grained write
Serialization of writes incurs a very non-linear address - storage location mapping that induces a subsequent random read access
Tiering of graph over flat indexes accumulate up to a threshold which triggers reindexing

Index usage: random sparse fine-grained reads

Premier resources used to build the vector database index may be different than cheaper resources
used for lower-bandwidth vector search - modest persistence constraints

=SDC
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Vector database architectures

used to create a hierarchy

Log-structured Data ingested into segments, Distributed Partition Blind sharding of  Milvus, Lucene,
Merge (and (shards) and indexes built structured and tolerant for vectors requires all Solr, Elasticsearch
derivatives) from them. Larger number of lexical search scale-out levels of the merge
vectors = larger number of trees Dbe visited
segments and "indexes” during search
Dynamic (and  Builds single large ANN Transactional Immediately Focus on scale-up; Oracle Al,
tiered) Index index that is dynamic (can and relational consistent not partition tolerant Pgvector, AlloyDB
support CRUD in-place). databases
Global Index Spatial locality is established Distributed and Highly partition May need periodic Vespa, SPaNN,
up front by sorting vectors scalable vector tolerant and reindexing to SCaNN, IVF,
Into various buckets. Multiple search systems scalable rebalance across  Cluster-based
layers of buckets can be buckets DiskANN

* Log-structured merge could make use of GPUDirect Storage
* Dynamic and global index could make use of SCADA.

— coarse grained
— fine-grained

from CPU
from GPU

Storage Implications for the New Generation of Al Apps — NVIDIA
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BB kNN build BEE8 Graph optimization [ Indexing

DEEP-1M DEEP-10M DEEP-100M
C AG R A 40 .llAlOO GPU {EPYC 77azi [IAIOO GPU || EPYC 77421 4000 ‘IIAIOO GPU|[EPYC 7742]
' A ' 30041 - ! ; 53 :
—30- 27.3 | 236.5 H3°°°‘ 2623.3
GPU-Accelerated State-of-the-Art Graph-Based ANN 201 1ae 5 2001 L
10 - 100 - 1000 -
® |ndividual queries parallelized during search TCAGRA HNSW | CAGRA HNSW CAGRA HNSW
Batches of 10k queries
® Setting records for both single query and large batch — o G+ s — orutwioasion
pe rf ormance . SIFT@im=12) . GIST(@im=960
® Higher throughput than existing GPU Graph ANNs and \

recall@10 recall@10

lower latency than SOTA CPU Graph ANNs ey | e et

0.80 0.85 0.90 0.95 1.00 0.80 0.85 0.90 0.95 1.00
recall@10 recall@10

construct
reversed graph

Dataset % 5
Initial KNN graph reordered+pruned graph \ reversed graph / CAGRA graph
S —
Initial graph construction Optimization

"CAGRA: Highly Parallel Graph Construction and Approximate Nearest Neighbor Search on the GPU", Ootomo et al., 2023
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CAGRA Index Build

Graph based algorithms requiring fine-grain access

construct
reversed graph
T - AR R ey
Dataset .‘s‘“ S
Initial KNN graph reordered+pruned graph \ reversed graph / CAGRA graph
S
Initial graph construction Optimization
Highly parallel and memory intensive Extremely memory access sensitive Merge & Write only

@ 25
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WholeGraph

Accelerated
Feature/Embedding Storage

SOTA GNN Software Stack

cuGraph/cuGraph-PyG

cuGraph

- Two main data structures in GNN

Accelerated Graph Algorithms * Graph - 100s Million to several Billion edges

- Embeddings - Every node or edge has embedding of size

512B to 4KB
cuGraph-PyG - Common algorithms
S mbling/Loading for » Subgraph creation using neighborhood sampling
Pylorch Geometric > Multi-hop random sampling for given set of nodes
Nodel oader/ FeatureStore/ » Smaller (than LLM) model training on the gathered
LinkLoader GraphStore subgraph

& PyG

cuGraph-ops - Access granularities
Accelerated Models
(not part of RAPIDS) » Graph is accessed in 8B to ~1024B

- Embeddingsin 512B to 4KB

- Attention is partly provided by graph edges

» Sizes don't compress much due to accuracy loss

Storage Implications for the New Generation of Al Apps — NVIDIA

=SDCGC



32

Graph data

Data: (x=[num_nodes, num_feats_n], edge_index=[2, num_edges], edge_attr=[num_edges, num_feats_e]
Small Example: MLPerf IGBH Dataset: 547M nodes, 5.8B edges'
Real world: nodes and edges can be added or existing ones can have their features modified

Size
Initial graph structure - tends to fit across a set of compute nodes. Ex: 1T edges might be 8TB
Total embedding data - exceeds the HBM size for # GPUs needed for inference or GNN training.
Ex: (100B nodes + 1T edges) * 4KB = 4.4PB!
Subgraph Sampling:
(NeighborSampler(batch_size=1024, num_neighbors=[5, 10, 15])
subgraphs w/ 1024*5*10*15 nodes = 750K nodes <

. | e 25
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Emerging: combining GNNs and LLMs

Probabilities

| Softmax |

f

| Linear |

!

(- ™
| Add &lNorm J

Feed
Forward
)
\
e ( N\ Add &l Norm

~—>| Add &INorm ] Mult-Hoad
LLMS IEEICST e
Models are large " | (o o)
Single-hop: associative memory, e.g. P(token[n] | tokens|[O, n-1]) oo
Running out of public quality data L e il
Public data is being poisoned by low quality LLM gen'd content ceciiond | 7 o
Encoding of relationships takes a lot of space (n"2) e =L it Encadng
Non-Deterministic: train("2,4,6,8..." & "2,6,18,54"), inference(2)-> ? (50/50) IEmbef’"”g E'“bef’d‘”gl
Computational complexity is very high nputs Outputs
Billions of params o e ekl
GNNSs

Small SubGraphs are sampled from a large knowledge graph
Multi-hop: complex multi-hop relationships

Encoding of relationships is very efficient (explicit edges)
Deterministic

Computational complexity is relatively low
Millions of params

=SDG
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Example application of GNN RAG

Given a query at inference time:

|
Knowledge
Graph 1.Tokenize and encode the query using the LLM Encoder
— 2. Retrieve a subgraph of the KG relevant to the query and encode it using a GNN
Retrieve
g SSEEEEF 3. Jointly embed the GNN embedding with the LLM embedding
4.Utilize LLM Decoder to decode joint embedding and generate a response
Y
F{Etrieved/
Node/Edge - Er?cpéger >
Features / L
Natural / Concatenate , ,
LaQTJIQELj'?gE EmbEddlﬂgﬁ Natura|
/ »| LLM Decoder »/ Language
Response

» LLM Encoder -

Storage Implications for the New Generation of Al Apps — NVIDIA
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GNNs can significantly improve LLM accuracy with small overhead

up to 2x accuracy seen so far,

Requires knowledge graphs

Human curated, or LLM(docs) -> knowledge graph
Knowledge graph growing fast in size

New, promising area

Storage Implications for the New Generation of Al Apps — NVIDIA
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Graph Relational DB

Predictive Tasks on E-commerce data

Raw Data: SQL tables w/ keys linking them
*‘Node Data: Row in a table w/ time stamp

*Each table: users, sessions, products,

e Will a customer churn? —
views, sales, ... e Life-time value of customer? )
*Each column is a feature e Customer-product affinity?
Each feature: e Fraud detection D

User_ID

"integers, floating points, or text/image

embeddings

Sales

ID
Product_ID
Session_ID
User_ID

Price

Heterogeneous graph — massive In size

Edge Data: Unique ID’s linking nodes

for both structure and embeddings

36 Storage Implications for the New Generation of Al Apps — NVIDIA
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Graph Transformers

Train Graph Transtformer on many Graph Relational DBs - zero shot on new data

Both training and inference require accessing datasets

Closed-source example, Jure Leskovec's company:

Convert compute and datasets into real value, no effort

$200M increase in revenue for Reddit, 2x sales for DataBricks based on 5x accuracy

Open-source w/ Jure Leskovec’s post doc student: WIP (NVIDIA - Stanford collaboration)

=SDGC
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- Criticality

- Capacity

- Throughput (IOPS)

- Location: latency

- Buffering

- Granularity

- Power

- Computing near storage

Storage Implications for the New Generation of Al Apps — NVIDIA
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Summary of criticality at compute node

Data centric vs. compute centric - I0::compute ratio

Low ratio LLM training
Usually low LLM inference, except for model load
High Search for predictive Al, vector DB indexing

Factors impacting criticality
Size of data transfer

What % of compute time
Is bottlenecked on |O?

\_

N

Scale backend more

J

1 Example of large: KV cache with context data from 100x T00MB PDFs that are repeatedly queried

Total 10 bandwidth dissipated across multiple GPUs

1 Ex: each GPU building an index for VecDB makes accesses from O(100K) threads

| Ex: KV cache often loaded into multiple prefill GPUs

| Ex: LLM training state of 8TB spread across 10K GPUs for checkpoint save/restore

Implications for TTFT wrt human perception
T Ex: model load for MoE (2GB per B parameters)*(a few models) for new worker

| Ex: 4GB KV$ (LIama 405B FP4 ISL of 32K) across 8 prefill GPUs with 100 Gbps = 40ms << 100-250ms

Storage Implications for the New Generation of Al Apps — NVIDIA
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Summary of capacity

Training data: usually remote

Can be 10TB- 1PB
Streamed in; only staged in nearby storage if used repeatedly in batches

Key-value context cache (KV$): cluster local, not compute node

Individual context size based on
( past ISL )( KB/token for a model )(FP4 or FP8)
(16K-128K)(17 for DS R1v3, 123 for Llama 405B)( 1 or 2 )

Number of contexts based on (# concurrent users, e.g. 10K)(time between queries, e.g. 1s)

Model parameters: compute node or cluster local

2GB/1B parameters, for 405B is 810GB = can’t fit in GPU
Increasingly common to have many models for mixture of experts (MoE)

VectorDB and indexes: compute node or cluster local
5GB-1PB per worker

GNNs: compute node or cluster local
100GB - 100TB per worker

=SDGC
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GPU physical interfaces to storage

Main bottlenecks are number of SSDs and SSD IOPs, not connections to outside world

Compute server @orage server
5 100 32
\ o 200 40/10*
/ 400 50/8*
N
~ NVLink Secure // 8 800 60/4*
bandwidth to @ _connection Workingon
SSD would be reducing # disks to . | | | |
_ overkill today feed a single GPU Made-up numbers; not revealing proprietary info

_for high IOPs case

. Interfaces from a GPU

- PCle or CXL (100 GB/s Gen6) Ability to saturate depends on GPU SW: app tuning and SCADA efficiency
- NVLink 5 (1800GB/s) Won't be saturated with current apps

. Interfaces to SSDs

- Hard enough to saturate wrt IOPs now, especially with finer-grained IOPs; NVLink would be overkill

- Today, takes more SSDs to saturate fine-grained IOPs to GPU than can fit in a compute node

- Gen6: 8 GPUs * 40 NVMes/GPU = 320 NVMes per compute node - move to storage server
- Need 10x IOPs/NVMe to relieve bottleneck inside compute node

=SDGC
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|OPs over the network: requests

/Compute server A
GPU »
[TSCADAH { NIC J
NICs are tuned for 4KB size  \client Y,

Theoretical max on Gen5 is 50 GB/s > 12.5 4KB MIOPs, 100 512B MIOPs

. . . Individual requests s
Measured with ib_write_bw, on CX7 =

12 4KB MIOPs, 46 GB/s }
82 512B MIOPs, 40 GB/s [[U ]

There's protocol overhead, models to 98B effective header size

SCADA can gather and send bundles of 16K-64K requests in a single network "IOP”

Bigger 10 size gets closer to peak
Unpack bundles of requests at server to boost effective bandwidth and I0Ps

GPU client - GPU server =2 GPU client (disk 10 not a bottleneck)

b write bw 100%
DOCA GPUNetlO 95.3%
SCADANetIO 78.2%

=SDG
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|OPs over the network: network protocol comparison
Using IB vs. Ethernet can buy nearly 10%

Impact of header size on MIOPs

B MIOPs (42) [ MIOPs (98) Ethernet/Infiniband

- |OPs falls linearly with granularity

1000 100%

64 128 256 912 1024 2048 4096

- EN packet header can be 98B
- |B packet header can be 42B
- At 64B, EN efficiency loss is 35%
70% - At 512B, EN efficiency loss is 9%

90%
750

80%
500

MIOPs

250
60%

90%

Payload (B)
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|OPs over the network: response aggregation

Responses and notifications are individual RDMAs

Request could send 32 buffers of <32K each
RDMA data response could be 512B
RDMA notification could be 64B

Can potentially coalesce either data responses or notifications
Applies to responses or notifications of consecutive 32 requests

Storage Implications for the New Generation of Al Apps — NVIDIA
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Performance results

Saturating PCle
GPUs vs. CPUs
E2E results with cuGraph.WholeGraph

Storage Implications for the New Generation of Al Apps — NVIDIA
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GPUs near storage

GPUs accelerate not only app-level access, but also NVMe access, especially over the networks

Compute Agent Comparison in SCADA Experiment Box

B MIOPs [ GBIs % SOL

- 2X effectiveness at performing just NVMe |IOPs

o Can be even higher by adding more PCle bandwidth to the RDMA
datapath

- Need for PCle switches unless [OQs and RDMA
bounce buffers are in CPU memory

100 100%

75 795%

20 90%

- AIDP recommends GPUs near storage to create
insight platform near data "

25%

98
49

Gend H100 Gen4 L40 Gend CPU

- Indexing is a data-intensive, GPU-accelerated app

0 0%

=SDGC
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End to end results with WholeGraph

Using one GPU

- Graph structure small enough to reside in GPU memory

- Node embedding data may grow beyond what could fit in many nodes’ memory
» CPU-GPU superchip or CXL would just be kicking the can down the road

- E2E results on 1 GPU

* GPU memory with Id/st
 CPU memory across PCle to x86
- SCADA to NVMes

- GPU vs. CPU memory from GPU is 10x faster

- Limited GPU memory per node, fits 12GB IGBH-small
» 100GB IGBH-medium won't fit in some GPUs

Providing access to datasets of unbounded size
20

15
10

. 1.2Xx cost for unlimited size vs. mem-constrained 5

- 2.1 TB IGBH-full won't fit in CPU memory per node
- |GBH-full runs a little faster, perhaps given more exposed parallelism 10GB 100GB 1000GB 10000GB
 Early result with client/server on same GPU, IGBH 4KB, still in tuning Total embedding size

e

0

Relative performance

e GPU memory =——CPUmemory =——=SCADA (16 NVMes)
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Performance take-aways

|OPs to unlimited data size is approaching access to CPU over PCle

Fundamentally changes what kinds of problems you can work on
Use HBM if you can fit, else CPU memory across as many nodes as necessary
But if you can't fit, use SCADA + Storage-Next drives

Mileage will vary

1.2x result is with E2ZE GNN training
Need to dig into app patterns and do evaluations

Access pattern cases include

Max disk I0OPs — each thread incurs multiple misses, fill to memory vs. registers
Not mdspan, used for this result and brought 1.3x-1.4x; more for less-constrained buffer size, e.g. 4K vs. 2K

High disk IOPs - each thread incurs a miss, but lack of coalescing may impact occupancy
Hit under miss — one miss per warp, other threads hit and coalesce
GPU cache hit - great temporal and spatial locality, very low disk IOPs

Work ahead of us: map apps to cases like these and evaluate performance

Storage Implications for the New Generation of Al Apps — NVIDIA
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Latency

PCI
Hi hdwidth node
a ) I
Node GPU RDMA luster

of |
7\

/

7\
!

/
\

L , igh bandwidth local
— N
R e
CPU - Low bandwidth \Remotf/
\ g /
Latency can matter : :
When on critical path, e.g. TTFT Destination LatenCY_
Example: model load time for MoE from GPU access+drive
Latency is not necessarily king' Compute node-local ~ O(1us)+O(10us)
May not matter if the access is predictable Cluster-local. O(10us) +O(10us)

Once you are < SLA, it's all about tput efficiency TOR or nearby rack
Data fetch implementations often just wait until the next time slot if not data ready

Compare 10us to 8GB state/100Gbps/32 GPUs = 200ms Remote O(1ms) +O(100us)
Compare 10us to 100-250ms threshold of human perception

Use memory Iif really matters, else cluster local RDMA

=SDG
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Disaggregation provides flexible scalability

g GPU

In compute server

____________________

\

Fixed scaling
, l\.ﬂA-I;a.nI a.l-.:\. e ——

\

_ AMAatardatn j(_l/_\
\
/l_n_A_‘_a_al_a_‘_a !
\

{
|
N\ \\__i /ﬂ_n_a_‘_a_al_a_‘_a \

Metadata,

y — control
L N

™~

Disaggregated
flexibly scaled

\

- J

Pressure to squeeze out local storage to enable higher density (Kyper)
Trend toward managed storage for ephemeral data

For KV$, can’t fit enough capacity in compute server

For some Predictive Al apps, can't get high enough I0Ps either

In storage server, cluster-local or remote

Decouple compute/metadata (blue with solid outlines) from storage capacity

Adds flexibility, e.g. scaling for use of S3SoRDMA
Contrast with fixed scaling (grey with dashed outlines), and implications of excess capacity, more cores with

SW licenses than needed
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Technology

RDMA everywhere!

TCP uses CPU software to implement a two-sided protocol
RDMA uses NIC hardware to implement a one-sided protocol

Bandwidth

TCP bandwidth is limited by CPU
RDMA bandwidth is limited by network and storage

Autonomy

TCP requires data path to path through CPU

Category

Active agent
Throughput
Latency
CPU load

RDMA enables data path to go straight to the GPU

CPU load

Has some impact in the compute node

Critical resource

Has a significant impact in the storage server
Example: 1.8x fewer metadata nodes for a disaggregated architecture

Example: 6x fewer fixed building blocks for Cloudian

52
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TCP RDMA
SWon CPU HW on NIC
X 3X
X 3X
20-50X X
CPUs Network/storage

speeds and feeds
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Example: Data loading for vector database indexing
Time to index/ store embedded data in a Milvus vector database

with cuVS+Cloudian S3o0RDMA vs. regular Milvus+S53

8000
cuVS accelerates index computation
7000 * cuVS GPU acceleration is 4 of CPU
6000 But data loading is still on the critical path
" « S30RDMA vs TCP provides another
© 5000 E2E speedup for a total of 8x
O :
% 4000 2 hOwgs 2 16 minutes
3000
5x with cuVS 8x when +S30RDMA
2000
U

CPUW/HSTCP Dual GPUwW/HSTCP Dual GPU w/HS RDMA

m [ime to all segment files ready inS3 m Delta time foringestion mFinalindex waittime

=SDGC
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Location and connectivity

GPU G1:GPU
100GB memory
CPU mem G2:CPU
1TB memory
Local SSDs G3: local
10TB, 5 MIOPs SSDs

G4: remote
Storage server (NS)

Remote
PB, slow network

G2 has phenomenal bandwidth, e.qg. for access within a particular KV context
Once problem doesn't fit in GPU or CPU memory, storage becomes extension of memory

» Use of superchips or CXL may extend memory, but it doesn’'t fundamentally enable large problem size like storage does

G3/3.5is close enough wrt latency; tends to offer RDMA

Have to go to G3.5 or G4 to get enough capacity for KV$

KV$ gets enough bandwidth from NS connection to many prefill nodes

Data-intensive apps can’'t be adequately fed by a limited NS bandwidth & IOPs; need EW

» Putting specialized storage as memory on EW network is consistent with being used for compute data

=SDGC
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Fine-grained access to coarse-grained buffers

" A " Coarse- T
GPU app —_————— grained “

~ 5 _ buffer —_—

fx/)l CPU Orch — cep | Medig—
DRAM storage

Bulk access from media

Option for good locality: 16KB-32KB NAND page size for greater efficiency
Option for poor locality: < 4KB codeword to save power from moving useless bits

Fine-grained access once in memory/as-if memory

Stage in CPU if accesses are predictable and concurrency is low, e.g. for KV$
Direct access from GPU if accesses are dynamic and have high concurrency, e.qg. vector databases/indexes and GNN embedding data

=SDGC
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* Problem and solutions
* Architecture
* Ecosystem

Storage Implications for the New Generation of Al Apps — NVIDIA
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Old Way — DRAM Pooling and Fine-Grain Access from DRAM

Remote Storage

Data Storage

Medium
(local/networked)

Storage Implications for the New Generation of Al Apps — NVIDIA




Old Way — DRAM Pooling and Fine-Grain Access from DRAM

HBM [ __ 2 HBM
i
HBM [ 2 HBM

@ HBM
x Remote Storage
—
<::> HBM : :

Data Sto rage

%II
- "’q Pre-load phase
long
N “ appllcatlon
start-up latency

=SDGC
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Old Way — DRAM Pooling and Fine-Grain Access from DRAM

Remote Storage

Compute phase Data Storage
Medium

- Fine-grained data exchange through NVL ::> ocal/networked)

and E-W
- Limited cachingin each HBM due to the

heed to store data partitions |
- Data exchange over E-W limit throughput @ NvLink

- Dataincreasingly come throughE-Was  (—) E-wnetwork

data size scales
- Quality of data partitioning critical <:> N-S network

=SDGC
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HBM

HB
HB

New Way — Fine-grain access from cluster local Storage

gx
o

I
HBM [ 4 HBM
i
HBM L 2 HBM
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Data Storage
Medium

(local/networked)

NVLlnk

E W network




New Way — Fine-grain access from cluster local Storage

' x Cluster-local Storage
HBM 2 HBM

Data Storage

Medium

HBM L 4 HBM No Pre-load -
x very short
o TN e application
start-up latency

=SDGC
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New Way — Fine-grain access from cluster local Storage

) €% A £ 4

Cluster-local Storage

Compute phase —
- Fine-grained storage access through pata Storage
PCIG, E'W, and NVL (|g:gﬁgti;imed)

- Cachingin each HBM (nheed to store data
partitions)
Data come through E-W/NVL as a function

of locality
CCCCC - Data partitioning not needed. Layout
optimizations can improve speed.
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Example: BaM multi-GPU software cache for GNN Training

Ist-DGL uses memory pooling and grapllrttonng

SSD-GNN is faster with fewer GPUs for large graphs
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Problems - solutions

SC Scaled O(100) thread CPUs limit concurrency - O(100K) GPU threads
Partitioning = automatic GPU-GPU communication
Memory fabric breaks at scale = introduce an API, support errors

A Accelerated GPUs can't run a file system, can't ask CPU for help = GPU initiation

Can read into registers from |10 - buffer in a cache on GPU
CPUs can't tolerate latency - GPUs do
Too many fine-grained accesses - aggregation

Data

Limited capacity in memory =2 unbounded storage

Access

RAF problem from sparse access to big chunks read in = direct access

=SDG
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SCADA abstraction

User Backing

view storage
G’U client \ /Data server \ view

- S N / \ ﬁrocess requests\
eats : y "N Contro and DMAs data in
A generate ; . — T
PP t ~ Submit a trusted . >
_ FEQUESTS V4 Cache requests \ component, e.g. Remote/
e ) and proce on GPU Shared
“onsume and p— completions Data Interface with B —
work on L .
results _\ . j \Eermstent world L

0 B

User view: app-centric API, e.g. contiguous linear/mdspan, key-value (coming)

Tiered view: implement caching, block access, many disks, map to outside world
Backing storage view: interop with file/object systems

=SDC
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Ecosystem

Data persistence

Input data may span multiple processes, can't stream a PB through GPU when you'll only access 2% of it
Output data, e.g. VecDB index, may be produced by one (GPU) process and consumed by another (CPU) process

Interoperability

Ingest data — maybe object

Perform ETL - extract data of interest

Layout data for efficient linear block access

Co-ownership: SCADA while processing, storage system to move data around

Data inteqgrity
Deal with bad or slow blocks

Provide data checking and correction between SSD and GPU
Must keep up with GPU concurrency = compiled into GPU SCADA server

Key-value store
Extension to client-side API, client-side cache, server-side mapping, integrated into GPU SCADA client and server

Storage Implications for the New Generation of Al Apps — NVIDIA
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» Storage-Next
- TCO

* SKUs
- Roadmap planning
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Storage-Next

Goals

HW: define and refine IOPs/TCO-optimized SSD

This includes both fine-grained IOPs in the media itself and fine-grained IOPs to intermediate buffers with
coarser-grained media access

SW: evaluate, optimize, generalize SCADA
Joint exploration and input to mature technology enough to standardize

Participants

Direct technical stakeholders bringing solutions, not a spectator sport
Does not imply endorsement of any given requirement or solution
Media and controller vendors, for SSDs

Storage providers, for interop

Other: key value and data integrity that are GPU based

Phases

Nothing mature enough to propose standard: NDA partners of NVIDIA
When we have something solid: broad participation as we move toward standard

=SDC
Storage Implications for the New Generation of Al Apps — NVIDIA e



69

Total cost of ownership (TCO)

2 ongoing SKUs
TB/TCO Compute-centric, course-grained accesses
|OPs/TCO Data-centric, fine-grained accesses

TCO as {BOM, volume, power}
Implications for high volume of fine-grained requests

|IOPs Gen5/6/7 PCle x16 has 50/100/200 GB/s = 100/200/400 MIOPs at 512B

Drive/GPU Gen 5/6 @ 3.3/5 MIOPs = 32/40 x4 drives

Power 40 x 25W = TkW

Problem size  One drive may be enough to spill from memory to disk for a large problem size

Location Compute nodes left unchanged; full freedom to optimize IOPs/TCO in remote storage server

TCO analysis is left to partners

=SDC
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The path to Storage-Next

Hyperscalers, OEMs Gen5 Gen6 CSP feedback Cooling feedback
Storage Biz/usage models Provide Evaluation Refined  Interop
Providers Requirements workloads Characterization requirements
NVIDIA Concept Kickoff Share Refined Experiments Evaluation Refined
ideas usage Infra characterization requirements
Kickoff GTC FMS SDC OCP
Dec’24 Mar’25 Aug’25 Sep’25 Oct’25
Media controllers Share Share Share Share Evaluation Refined
Media data designs  results Infra emulation requirements

Artist’s conception of a timeline

Interested parties collaborating on workloads, infra, characterization, evaluation, requirements, TCO

Open to all direct contributors: media vendors, storage controller vendors, OEMs, hyperscalers
A FADU gGraidTechnologylnc. KIOXIA II_'|| MARVELL A%\ MicrocHip MIicron

(9 PLiOPS SAIMSUNG SANDISK D ScaleFlux §f SiliconMotion %, .. <@=5martlOPS & souniom EE(STTANIA ' Western Digital

EEEEEEEEEEEEEEEEEEEE

AIC O don bedLiechnologies H3 teveresaars @ HitachiVantara == Il NetApp {» PURESTORAGE ‘\/ VAST \\ WEKA

Enterprise

L | > N U 25
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Call to action

Understand app implications

Storage criticality, bandwidth/latency/CPU load at compute server and storage server, granularity

Ex: well-tuned checkpoint perf doesnt matter at compute node
Ex: KV$ perf at compute node may matter for summarization but not in many other cases

Ex: model load matters when workers are spun up, otherwise may be in memory already

Bring us your applications and frameworks and help evaluate them!

Carefully evaluate criticality based on fundamental algorithm

Contribute evaluation infra and collaborate on characterization
See where there are opportunities to relieve bottlenecks to make storage more critical - check out Wen-mei's book!

Map apps onto access patterns

Strike the right balance in storage solutions across app domains

New objectives: |IOPs, power efficiency in Storage-Next

Storage Implications for the New Generation of Al Apps — NVIDIA
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Thank you for attending!

Please remember to rate this session. You get access the presentations at
http://sniadeveloper.org/conference
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