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AI Data Inferencing Challenges

• Data is Distributed: 
Too many copies of data and 
unnecessary data movement 

• Data Pipelines are Complex: 
Too many technologies to 
integrate and data types to 
support

• Data is Critical Business Asset: 
Too many replicas of data with  
inconsistent ACL’s between raw 
data and embedding

• Data is Constantly Changing: 
Long latency between data change 
and updated vectors

• Data is Growing: 
Limited scalability, Performance 
bottlenecks reduce time to value

A new type of storage (Content Aware) is needed to address these challenges 

Enterprise Data

Structured and Unstructured Data

AI/ML Workloads

Training, Fine tuning, Inferencing

Secure, Scalable, High Performance AI Data Pipeline
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Ingestion

Embedding & 
PreprocessingAI Model Training
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“CAS is the semantic interface to AI-ready storage”

Extracts the meaning of unstructured enterprise data 

Prepares data for use by agentic & AI  inferencing applications

Enables contextual and lexical search of data in storage 

Fundamentally, CAS is a general knowledge 
base for generative AI inferencing applications

What is IBM Content-Aware Storage (CAS)

Data 
stores

Agentic 
framework

IBM Content Aware Storage

IBM Storage Scale

NVIDIA GPUs

AI Data Processing Pipeline

LLMsHybrid

“ CAS solves the 99% problem”

▪ Clients need to grant AI models access to their data so that they can perform useful work, and 
organizations are swamped with this unstructured data stored disparately across the enterprise…

▪ …but 99% of this data isn’t represented in AI model training sets or in a format that is useful to AI 
inferencing applications
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What are we solving for?

Enterprise Data AI Applications

*Solving for how to get your data to AI applications safely, securely, at scale, for the lowest cost! 
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What’s the basic answer?

Enterprise Data AI Applications

*A Retrieval-Augmented Generation (RAG) framework that transforms your data into vectors, stores those 
vectors, and serves them to AI Apps

Vector 
Transformation

Vector Store
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LLMtrain LLM
relevant, 
up-to-date 
enterprise data

dynamically provide:



What is Retrieval-Augmented Generation (RAG)?
And what features are added by Content Aware Storage (CAS)?
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IBM Technology

https://www.youtube.com/@IBMTechnology

https://www.youtube.com/watch?v=T-D1OfcDW1M
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Limitations in existing RAG solutions

1) Data preparation, cleaning; 

disconnected data stores

2) Data copied multiple times in 

unsecure environment

3) Weekly batch refresh and rebuild of 

vector DB

4) Small fraction of data stored in 

vector DB

5) High, unpredictable monthly costs

6) Complexity saps FTE working hours

Ingest Vectorize

Cloud

Query/Response

Chat App

Store
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Data
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1. Performance enhancements

2. Automatic and secured document handling
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Content Aware IBM Storage Scale 
automatically transforms unstructured files into AI ready content.

It turns Static documents into an immediate actionable answer.



Accelerating AI and Analytics with 
IBM Fusion CAS and IBM Storage Scale
Data Flow
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Accelerating AI and Analytics with 
IBM Fusion CAS and IBM Storage Scale
Features: AFM - with watch folders

Data Sovereignty & In-Place Processing

• CAS indexes data in place without copying it, respects existing enterprise security policies and storage 
systems (e.g., IBM Storage Scale, S3 (via AFM)).

• CAS uses watch folders and active file management to incrementally detect and index new or changed files 
for RAG.
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✗

IBM Storage for Data and AI / © 2026 IBM Corporation



Accelerating AI and Analytics with 
IBM Fusion CAS and IBM Storage Scale
Security (ACL preservation), Multi tenant
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Domain-Level Access & CAS Resource Access Control (CRAC)

• CAS organizes content into domains, which act as logical boundaries for tenants or projects.

• CRAC (CAS Resource Access Control) policies define which users or groups can access a domain.

• Ensures tenants are isolated at domain level, preventing cross-tenant data exposure.

File-Level Security via LDAP + Identity Provider (IDP)

• Beyond domain-level control, CAS supports file-level access enforcement.

• Integrates with:

• LDAP directory services (e.g., OpenLDAP) for user and group attributes.

• Identity Providers (IDPs) using OpenID Connect (e.g., Keycloak) for authentication and claims.

• Storage ACL's are directly applied to the vectors, CAS can:

• keep up with any changes that made to file access.

• apply them in real-time to the associated vectors.



Accelerating AI and Analytics with 
IBM Fusion CAS and IBM Storage Scale
Security (ACL preservation), Multi tenant
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Query Access Control

• A user queries CAS → the system checks real-time ACLs and filters results so only files the user has 
permission to read are returned.

• CAS applies query-time filtering based on user identity and group memberships.

• Prevents unauthorized retrieval of sensitive documents during RAG operations.

• The configuration involves mapping LDAP attributes and IDP claims to CAS security policies.



Accelerating AI and Analytics with 
IBM Fusion CAS and IBM Storage Scale
Core Building Blocks
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IBM Storage Scale 

Red Hat RHEL

IBM Fusion CAS

Fusion

GDP: IBM Storage Scale CNSA (Storage network)

IBM Fusion Software

Red Hat Openshift OKE (In-Band network)

KAFKA NVIDIA 
GPU 

Operator

Red Hat RHCOSRed Hat RHCOSRed Hat RHCOS Red Hat RHCOS

Watch
Folder

NVIDIA
NIM

NeMo Retriever 

SSS 6000

Utility Node
Control-plane/Compute

Utility Node
Control-plane/Compute

Utility Node
Control-plane/Compute

BYO GPUs Node
Compute

EMS Node

Storage cluster CAS Compute cluster

general-purpose nodes

IBM optimized version of the 
NVIDIA pipeline supporting 
multimodal RAG ingest and 

search



IBM AIDP with CAS and Storage Scale Performance 
Multimodal Data

IBM Storage for Data and AI / © 2026 IBM Corporation

• 1.3TB / day max multimodal ingest per IBM AIDP GPU 
server with NVIDIA RTX PRO  6000 Blackwell Server 
Edition GPUs1,2

• 10.75TB / day max multimodal ingest per AIDP rack 1,2

Max 
Multimodal 
Ingest1,2 
( TB/day | 
Pages/sec)

Max Ingest 
Queries per 
second3

Mixed Workload4

( TB/day | Pages/sec)  

Single GPU Server with 8x NVIDIA RTX PRO  
6000 Blackwell Server Edition GPUs

1.3 | 116 45 0.35 | 31

Max AIDP Rack with 8x GPU Servers and 8x 
NVIDIA RTX PRO  6000 Blackwell Server 
Edition GPUs

10.75 | 962 365 10.4 | 930

1) Multimodal content consisting of text, tables, charts & infographics based on Digital 
Corpora Dataset; No queries during ingest period

2) Using embedqa-300-v2 embedding NIM, 15% raw text to pdf file size ratio
3) No parallel ingest – all GPUs used for queries using llama-3.2-rerankqa-1b-v2 

Reranking NIM
4) 10 queries per second and 40 re-ranks per query with parallel ingest



IBM AIDP with CAS and Storage Scale Performance
Text Data
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• Max 4,420 Pages per second (5.7TB per day) text 
ingest per IBM AIDP GPU server1,2  

• 10.75TB/day max multimodal ingest per AIDP rack 1,2

Max 
Multimodal 
Ingest1,2 
( TB/day | 
Pages/sec)

Max Ingest 
Queries per 
second3

Mixed Workload4

( TB/day | Pages/sec)  

Single GPU Server with 8x NVIDIA RTX PRO  
6000 Blackwell Server Edition GPUs

0.7 | 543 45 0.5 | 388

Max AIDP Rack with 8x GPU Servers and 8x 
NVIDIA RTX PRO  6000 Blackwell Server 
Edition GPUs

5.7 | 4420 365 5.6 | 4343

1) Text PDF content; 67,000 text pages per GB; based on Digital Corpora dataset; No 
queries during ingest period

2) Using embedqa-300-v2 embedding NIM, 15% raw text to pdf file size ratio
3) No parallel ingest – all GPUs used for queries using llama-3.2-rerankqa-1b-v2 

Reranking NIM
4) 10 queries per second and 40 re-ranks per query with parallel ingest



CAS Configuration – Multimodal Data Ingest and Query 
(Mixed Workload) Sizing
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Up to 8 GPU servers per rack
• 4/8 x RTX Pro 6000 GPU per G04 (runs NVIDIA NeMo 

Retriever, NVIDIA NeMo Reranking NIM)
• 3 x ESS Utility Node (CAS core components)

GPU 
Servers

NeMo Retriever 
Instances

Max RTX 6000 
GPUs

CPU Worker 
Node

Physical 
Cores vCPU1 Memory 

(GB)

RAG Ingest (|)
llama-3.2-embedqa-1b-

v2 Embedding Model

RAG Ingest 
embedqa-300-v2 
Embedding Model

TB/day Pages / sec TB/day Pages / sec

1 
4 4 3 128 256 2304 0.24 21 0.35 31
8 8 3 128 256 2304 0.6 54 1 89

2
12 12 3 256 512 4608 1 89 1.7 152
16 16 3 256 512 4608 1.5 134 2.4 215

3 20 20 3 384 768 6912 1.9 170 3 268
24 24 3 384 768 6912 2.3 206 3.7 331

4 32 32 3 512 1024 9216 3.2 286 5 447
5 40 40 3 640 1280 11520 4.1 367 6.4 573
6 48 48 3 768 1536 13824 4.9 438 7.7 689
7 56 56 3 896 1792 16128 5.8 519 9.1 814
8 64 64 3 1024 2048 18432 6.6 590 10.4 930

Factors
GPU NVIDIA RTX PRO 6000

Embedding model
llama-3.2-embedqa-1b-v2

llama-3.2-embedqa-300-v2
Reranking model llama-3.2-rerankqa-1b-v2
Document Modality Multimodal
Average # of Images Per Page 2
Raw text data volume percent3 15%
Ingestion SLA (hours) 24
Queries per second 10
# of chunks to rerank 40

1) Available vCPU is presented at SMT=2
2) 1GB of Multimodal content equates to ~7,730 pages consisting of text, tables, charts & infographics based on Digital Corpora dataset
3) 215,000,000 words per GB of text; 1.33 tokens per word; 512 chunk size (tokens)



Accelerating AI and Analytics with 
IBM Fusion CAS and IBM Storage Scale
High-Performance Storage Reference Architecture
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Accelerating AI and Analytics with 
IBM Fusion CAS and IBM Storage Scale
Data Flow
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Vector
Database



RAG, the Process
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Storage System

Data ingestion pipeline

Vector DB

Data
sources

Query
AI Accelerator

extract chunk

GPU’s

embedding
model

[0.513341, 0.098482, 0.253949, 0.613111, 0.501264, -0.187409, …]
[0.478281, 0.106126, 0.266366, 0.578153, 0.538325, -0.254910 , …]
[0.477390, 0.063441, 0.132675, 0.618841, 0.531241, -0.292045 , …]
[0.550245, 0.033019, 0.248717, 0.555847, 0.541968, -0.177720 , …]
[0.124960, 0.218878, -0.397370, -0.859725, -0.198612, -0.001194 , …]
[-0.015239, 0.250662, -0.396874, -0.852586, -0.205101, 0.102267 , …]
[-0.011571, 0.158124, -0.440985, -0.864631, -0.180813, 0.010724 , …]
[0.068162, 0.191374, -0.395320, -0.874271, -0.188157, 0.051954 , …]
[-0.384697, -0.141766, -0.414211, -0.784597, 0.115823, -0.177010 , …]
[-0.257882, -0.228278, -0.359648, -0.838959, 0.040092, -0.215824 , …]
[-0.331391, -0.166191, -0.439649, -0.766753, 0.106369, -0.264659 , …]
[-0.261275, -0.081182, -0.348959, -0.883510, 0.032869, -0.147317 , …]
[-0.207114, 0.712737, 0.113163, 0.521636, 0.271312, 0.300982 , …]
[-0.264660, 0.669134, 0.052111, 0.588657, 0.162867, 0.326277 , …]
[-0.114419, 0.677671, 0.188536, 0.528885, 0.139067, 0.439392 , …]
[-0.223215, 0.676315, 0.153558, 0.502675, 0.215136, 0.412587 , …]

Customer
App

Question:

…

[0.124960, 0.218878, -0.397370, -0.859725, -0.198612, -0.001194 , …]
[-0.015239, 0.250662, -0.396874, -0.852586, -0.205101, 0.102267 , …]
[-0.011571, 0.158124, -0.440985, -0.864631, -0.180813, 0.010724 , …]
[0.068162, 0.191374, -0.395320, -0.874271, -0.188157, 0.051954 , …]

Identify neighboring vectors
(e.g. cosine similarity or L2 distance)

text chunks passed to the LLM
as part of the prompt



RAG, the Process
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Storage System

Data ingestion pipeline

Vector DB

Data
sources

Query
AI Accelerator

extract chunk

GPU’s

embedding
model

[0.513341, 0.098482, 0.253949, 0.613111, 0.501264, -0.187409, …]
[0.478281, 0.106126, 0.266366, 0.578153, 0.538325, -0.254910 , …]
[0.477390, 0.063441, 0.132675, 0.618841, 0.531241, -0.292045 , …]
[0.550245, 0.033019, 0.248717, 0.555847, 0.541968, -0.177720 , …]
[0.124960, 0.218878, -0.397370, -0.859725, -0.198612, -0.001194 , …]
[-0.015239, 0.250662, -0.396874, -0.852586, -0.205101, 0.102267 , …]
[-0.011571, 0.158124, -0.440985, -0.864631, -0.180813, 0.010724 , …]
[0.068162, 0.191374, -0.395320, -0.874271, -0.188157, 0.051954 , …]
[-0.384697, -0.141766, -0.414211, -0.784597, 0.115823, -0.177010 , …]
[-0.257882, -0.228278, -0.359648, -0.838959, 0.040092, -0.215824 , …]
[-0.331391, -0.166191, -0.439649, -0.766753, 0.106369, -0.264659 , …]
[-0.261275, -0.081182, -0.348959, -0.883510, 0.032869, -0.147317 , …]
[-0.207114, 0.712737, 0.113163, 0.521636, 0.271312, 0.300982 , …]
[-0.264660, 0.669134, 0.052111, 0.588657, 0.162867, 0.326277 , …]
[-0.114419, 0.677671, 0.188536, 0.528885, 0.139067, 0.439392 , …]
[-0.223215, 0.676315, 0.153558, 0.502675, 0.215136, 0.412587 , …]

Customer
App

Question:

…

[0.513341, 0.098482, 0.253949, 0.613111, 0.501264, -0.187409, …]
[0.478281, 0.106126, 0.266366, 0.578153, 0.538325, -0.254910 , …]
[0.477390, 0.063441, 0.132675, 0.618841, 0.531241, -0.292045 , …]
[0.550245, 0.033019, 0.248717, 0.555847, 0.541968, -0.177720 , …]
[0.124960, 0.218878, -0.397370, -0.859725, -0.198612, -0.001194 , …]
[-0.015239, 0.250662, -0.396874, -0.852586, -0.205101, 0.102267 , …]
[-0.011571, 0.158124, -0.440985, -0.864631, -0.180813, 0.010724 , …]
[0.068162, 0.191374, -0.395320, -0.874271, -0.188157, 0.051954 , …]
[-0.384697, -0.141766, -0.414211, -0.784597, 0.115823, -0.177010 , …]
[-0.257882, -0.228278, -0.359648, -0.838959, 0.040092, -0.215824 , …]
[-0.331391, -0.166191, -0.439649, -0.766753, 0.106369, -0.264659 , …]
[-0.261275, -0.081182, -0.348959, -0.883510, 0.032869, -0.147317 , …]
[-0.207114, 0.712737, 0.113163, 0.521636, 0.271312, 0.300982 , …]
[-0.264660, 0.669134, 0.052111, 0.588657, 0.162867, 0.326277 , …]
[-0.114419, 0.677671, 0.188536, 0.528885, 0.139067, 0.439392 , …]
[-0.223215, 0.676315, 0.153558, 0.502675, 0.215136, 0.412587 , …]

[0.042500, 0.205300, -0.408700, -0.868900, -0.193800, 0.040200, …]

[0.124960, 0.218878, -0.397370, -0.859725, -0.198612, -0.001194 , …]
[-0.015239, 0.250662, -0.396874, -0.852586, -0.205101, 0.102267 , …]
[-0.011571, 0.158124, -0.440985, -0.864631, -0.180813, 0.010724 , …]
[0.068162, 0.191374, -0.395320, -0.874271, -0.188157, 0.051954 , …]

Identify neighboring vectors
(e.g. cosine similarity or L2 distance)

text chunks passed to the LLM
as part of the prompt

Context / Features 
Edible / Taste 0.0 0.0 0.9 0.95

Biological / Natural 0.0 0.0 0.9 0.9

Grows in Nature 0.0 0.0 0.8 0.9

Sweet / Flavor-related 0.0 0.0 0.8 0.7

Technology / Devices 0.9 0.9 0.0 0.0

Software / Digital 0.9 0.9 0.0 0.0

Business / Enterprise 0.95 0.8 0.1 0.1

Industrial / Manufactured 0.8 0.7 0.0 0.0

[0.90, 0.90, 0.85, 0.80, 0.00, 0.00, 0.10, 0.00]

[0.00, 0.00, 0.00, 0.00, 0.95, 0.90, 0.85, 0.75] [0.95, 0.90, 0.90, 0.70, 0.00, 0.00, 0.10, 0.00]

[0.00, 0.00, 0.00, 0.00, 0.90, 0.95, 0.95, 0.80]

Embedding: Numeric representation of text

Embedding
Apple Apple



RAG, challenges of scaling
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Storage System

Data ingestion pipeline

Vector DB

Enterprise
Storage

Query
AI Accelerator

extract chunk

GPU’s

embedding
model

[0.513341, 0.098482, 0.253949, 0.613111, 0.501264, -0.187409, …]
[0.478281, 0.106126, 0.266366, 0.578153, 0.538325, -0.254910 , …]
[0.477390, 0.063441, 0.132675, 0.618841, 0.531241, -0.292045 , …]
[0.550245, 0.033019, 0.248717, 0.555847, 0.541968, -0.177720 , …]
[0.124960, 0.218878, -0.397370, -0.859725, -0.198612, -0.001194 , …]
[-0.015239, 0.250662, -0.396874, -0.852586, -0.205101, 0.102267 , …]
[-0.011571, 0.158124, -0.440985, -0.864631, -0.180813, 0.010724 , …]
[0.068162, 0.191374, -0.395320, -0.874271, -0.188157, 0.051954 , …]
[-0.384697, -0.141766, -0.414211, -0.784597, 0.115823, -0.177010 , …]
[-0.257882, -0.228278, -0.359648, -0.838959, 0.040092, -0.215824 , …]
[-0.331391, -0.166191, -0.439649, -0.766753, 0.106369, -0.264659 , …]
[-0.261275, -0.081182, -0.348959, -0.883510, 0.032869, -0.147317 , …]
[-0.207114, 0.712737, 0.113163, 0.521636, 0.271312, 0.300982 , …]
[-0.264660, 0.669134, 0.052111, 0.588657, 0.162867, 0.326277 , …]
[-0.114419, 0.677671, 0.188536, 0.528885, 0.139067, 0.439392 , …]
[-0.223215, 0.676315, 0.153558, 0.502675, 0.215136, 0.412587 , …]

Customer
App

Question:

…

store billions of files
> each file hundreds of vectors

= hundreds of billions of vectors

Current vector database solutions:
• only support billions of vectors by 

scaling out across tens to hundreds of 
servers.

At this scale unique challenges arise: 
• the lengthy time to index (or reindex) 

the vector to speed up search
• the rising infrastructure cost for 

hosting and serving these vectors.



RAG, challenge solved: IBM Storage Scale System 6000

IBM Storage for Data and AI / © 2026 IBM Corporation

IBM Storage Scale System 6000

Data ingestion pipeline

Vector DB

Enterprise
Storage

Query
AI Accelerator

extract chunk

GPU’s

embedding
model

[0.513341, 0.098482, 0.253949, 0.613111, 0.501264, -0.187409, …]
[0.478281, 0.106126, 0.266366, 0.578153, 0.538325, -0.254910 , …]
[0.477390, 0.063441, 0.132675, 0.618841, 0.531241, -0.292045 , …]
[0.550245, 0.033019, 0.248717, 0.555847, 0.541968, -0.177720 , …]
[0.124960, 0.218878, -0.397370, -0.859725, -0.198612, -0.001194 , …]
[-0.015239, 0.250662, -0.396874, -0.852586, -0.205101, 0.102267 , …]
[-0.011571, 0.158124, -0.440985, -0.864631, -0.180813, 0.010724 , …]
[0.068162, 0.191374, -0.395320, -0.874271, -0.188157, 0.051954 , …]
[-0.384697, -0.141766, -0.414211, -0.784597, 0.115823, -0.177010 , …]
[-0.257882, -0.228278, -0.359648, -0.838959, 0.040092, -0.215824 , …]
[-0.331391, -0.166191, -0.439649, -0.766753, 0.106369, -0.264659 , …]
[-0.261275, -0.081182, -0.348959, -0.883510, 0.032869, -0.147317 , …]
[-0.207114, 0.712737, 0.113163, 0.521636, 0.271312, 0.300982 , …]
[-0.264660, 0.669134, 0.052111, 0.588657, 0.162867, 0.326277 , …]
[-0.114419, 0.677671, 0.188536, 0.528885, 0.139067, 0.439392 , …]
[-0.223215, 0.676315, 0.153558, 0.502675, 0.215136, 0.412587 , …]

Customer
App

Question:

…

IBM Research team:
• focused on improving vector density 
• and reindexing time
• decoupled vector and index storage 

from the compute performing queries
• collaborated with Samsung (Gen5 

NVMe  server SSDs)
• developed new Index design
• ... 

store billions of files
> each file hundreds of vectors

= hundreds of billions of vectors
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able to demonstrate loading, indexing, and querying of
(384 dimensions, full precision floating point)

BILLION Vectors
QUERY LATENCY

<700ms
RECALL PRECISION

90%+
Single      153 TiB

The result: a mean query latency of 694 milliseconds with a recall precision of 90%.

100
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https://research.ibm.com/blog/cas-100-billion-vector-storage-ai

Further enhancements ongoing!
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> each file hundreds of vectors

= hundreds of billions of vectors

text chunks passed to the LLM
as part of the prompt
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Question:

… …
Answer:

LLM

Prompt 1st token

KV Cache

Key / Value Pairfor every token
of the input

GPU’s

Prefill

Key / Value Pair
Key / Value Pair
Key / Value Pair
Key / Value Pair

model’s
internal
prompt

understanding

relate
word word word

context, focus

Summarize Doc

Decode
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Question:

… …
Answer:

LLM

Prompt 1st token

KV Cache

Key / Value Pairfor every token
of the input

GPU’s

Prefill

Key / Value Pair
Key / Value Pair
Key / Value Pair
Key / Value Pair

model’s
internal
prompt

understanding

relate
word word word

context, focus

notable saving in latency and cost

System prompts

Few-shot examples

Tool, Function definitions,
conversation history, …

Model Family (FP16) 1 token 1.000 token 10.000 token 100.000 token 1.000.000 token

Gemini 2.5 Pro ~0.6 MB ~600 MB ~6 GB ~60 GB ~600 GB

KV bytes per token ≈ 2 × L (number of layers) × H (hidden size) × precision

Token Size 1 user 10 user 100 user 1.000 user 10.000 user

10.000 token ~6 GB ~60 GB ~600 GB ~6 TB ~60 TB

100.000 token ~60 GB ~600 GB ~6 TB ~60 TB ~600 TB

Sample values:

Based on Doc, how can I …?

Storage System



KV Cache < > Storage Management
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NVIDIA Dynamo for intelligent distributed KV cache Management

G1 GPU HBM

NVIDIA KV cache memory tier model

G2 System DRAM

G3 Local SSD / Rack-local

G3.5 NVIDIA’s Inference Context 
Memory Storage appliance (CMX) 

G4 Shared Enterprise Storage

IBM Storage Scale



Benchmark 1: TTFT from a single GPU
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Recompute vs KV Cache on IBM Storage Scale ECE (G4)

GPU recompute IBM Storage Scale (G4)

56x

For production deployments handling 
long documents, multi-turn conversations, large system prompts,
KV Cache + a high-performance storage system
translates to a more 
• responsive, 
• scalable and 
• cost-efficient 

inference architecture.

IBM Storage Scale ECE



Benchmark 2: Throughput and response time efficiency
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Baseline Scale G4
• 200 requests
• 120B model
• 28 concurrent connections

• rand. 100 unique prompts
= 24 million tokens
= 825 GB of KV cache
G4 cache started empty

22x
more
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24x



Benchmark 3: Noisy neighbor test
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• 200 requests
• 120B model
• 28 concurrent connections

• rand. 100 unique prompts
= 24 million tokens
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G4 cache started empty

18x
more

efficient

Simulate shared, multi-tenant environment:
four concurrent clients continuously generating 
200 GB per second of network I/O traffic

19x

19x



https://www.redbooks.ibm.com/docs/MD260021/MD260021.html
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AI enabled Content Aware Storage based on

  IBM Storage Scale and IBM Fusion CAS

S

CAS

IBM Storage Scale 

AFM

Vector
DB

NVIDIA
Stack

Fusion
CAS runtime

j

J

S

CAS

IBM Storage Scale 

Watch
Folder

AFM

Vector
DB

NVIDIA
Stack

Fusion
CAS runtime

External
Data

ACL‘s

ACL‘s

ACL‘s

• Semantic interface to your data
• Fully automated document management
• Multi-tenancy, security

IBM Storage Scale System 6000

BILLION Vectors
QUERY LATENCY

<700ms
RECALL PRECISION

90%+
Single              153 TiB

100 56x
Faster time-to-first-token 

22x
Higher throughput

130k tokens
Flat latency at this context length

Context without limits

IBM Storage Scale

Content Aware Storage Vector Database KV Cache
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Agentic
• Do you use AI agents or autonomous workflows in your systems?

• Are you planning to use AI agents or autonomous workflows in your systems?

• Which use cases would you like to see with Scale for 
either prompt-driven inference, 
or also agent driven actions?

• I would like to config x to be y

• I need a filesystem a with size b create it

• I need a filesystem a with size b. What are commands to create it?

• I see an issue with… Help me understand where I should start checking…



Thank you

Ted Hoover (IBM)
mailto:hoov@us.ibm.com

Simon Lorenz (IBM)
mailto:simon.lorenz@de.ibm.com

mailto:kraemerf@de.ibm.com
mailto:hoov@us.ibm.com
mailto:kraemerf@de.ibm.com
mailto:simon.lorenz@de.ibm.com
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