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Units 

This document uses the following notation: 

- b denotes bits. 

- B denotes bytes; one byte equals 8 bits. 

- GB denotes gigabytes, equivalent to 109 or 10003 bytes. 

- GiB denotes gibibytes, equivalent to 10243 bytes. 
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Abstract 

This paper provides practical guidance for selecting and positioning storage solutions for Lenovo Hybrid AI 

Factory deployments. It examines how workload characteristics, deployment scale, capacity, data-access 

protocols, read and write performance, data services, and scalability influence storage architecture decisions. 

The paper maps these requirements to common enterprise AI workloads, including inference, retrieval-

augmented generation, agentic AI, computer vision, fine-tuning, and model training, and considers Lenovo 

ThinkSystem DM, DG, and DE Series storage solutions alongside scale-out high-performance storage 

solutions available through the Lenovo partner ecosystem. 

The intended audience includes Lenovo sellers, solution architects, business partners, and customers 

planning enterprise AI infrastructure. The guidance provides a structured approach for identifying an 

appropriate Lenovo storage starting point and determining when workload scale, performance, data-

management, or operational requirements call for a more specialized architecture. Future work will deepen 

the analysis of Lenovo partner ecosystem solutions, including their positioning, scaling characteristics, data-

management capabilities, and applicability to larger and more demanding AI environments. 
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Executive Summary 

Enterprise AI solutions depend on timely, reliable access to growing volumes of structured and unstructured 

data. Although GPU selection often receives the greatest attention during infrastructure planning, an 

undersized or poorly matched storage solution can increase model-loading times, delay data-intensive 

operations, and reduce the effective utilization of valuable compute resources. Storage selection for an AI 

environment must therefore consider more than capacity. It must account for workload access patterns, 

aggregate read and write performance, concurrency, metadata operations, data-access protocols, resilience, 

network limitations, and anticipated growth. 

Storage requirements can differ substantially across AI workloads. Inference and retrieval-augmented 

generation (RAG) often emphasize model and data access, shared data services, metadata operations, and 

predictable latency. Computer vision and other data-intensive workloads can require substantially higher 

sequential read throughput. Training and fine-tuning introduce additional requirements for shared dataset 

access and sufficient write performance to complete checkpoint operations within the target time. 

This paper provides a workload-based framework for positioning Lenovo ThinkSystem DM, DG, and DE 

Series storage, together with scale-out high-performance storage solutions available through the Lenovo 

partner ecosystem, for Lenovo Hybrid AI Factory deployments. It helps sellers and solution architects identify 

an appropriate storage starting point for inference, RAG, agentic AI, computer vision, fine-tuning, training, and 

mixed workloads, and then validate the design against performance, capacity, data services, networking, 

scalability, and operational requirements. 

The recommended solutioning approach begins with the customer’s business and operational objectives, 

Hybrid AI platform, workload mix, deployment scale, and need for shared data. The design should then be 

validated against usable capacity, read and write performance, metadata and IOPS requirements, data-

access protocols, resilience, end-to-end network capacity, expansion needs, and commercial constraints. The 

objective is not to prescribe a single storage product for every Hybrid AI configuration, but to identify the 

simplest architecture that meets the customer’s requirements, provides a practical growth path, and 

recognized when a Lenovo partner ecosystem solution may be more appropriate. 
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1 Introduction 

Lenovo Hybrid AI Factory solutions provide integrated infrastructure platforms designed to support enterprise 

AI workloads across a range of deployment scales. The Lenovo Hybrid AI 221 and 241 platforms address 

compact deployments for workloads such as retrieval-augmented generation (RAG), computer vision, and 

enterprise inference, while the Lenovo Hybrid AI 285 and 289 platforms support larger environments requiring 

multi-node scalability and high-performance east-west networking for enterprise inference, agentic AI, fine-

tuning, and model training.  

An efficient storage layer is required to provide the compute plane with timely access to data and help keep 

accelerated resources productively utilized. The demands placed on this layer increase as deployments add 

users, concurrent workloads, compute nodes, and Scalable Units (SUs). 

An effective AI storage solution must provide the capacity, performance, connectivity, resilience, and data 

services required by the intended workloads. Inference and RAG may emphasize shared access to models 

and data, metadata performance, and predictable latency, while computer vision and other data-intensive 

workloads can require higher sequential read throughput. Training and fine-tuning introduce additional 

requirements for shared dataset access and sufficient write performance to complete checkpoint operations 

within the target time. Where shared storage is required, its architecture must be aligned with the scale and 

connectivity of the Hybrid AI platform. The design must also account for workload mix, concurrency, dataset 

characteristics, performance objectives, access protocols, network limitations, and expected growth. 

This paper provides guidance for positioning Lenovo ThinkSystem DM, DG, and DE Series storage, together 

with scale-out high-performance storage solutions available through the Lenovo partner ecosystem, for 

Lenovo Hybrid AI deployments. It explains the role of storage in data-driven AI environments, provides 

workload-based read and write performance guidance, and maps storage architectures to the requirements of 

the Hybrid AI Factory platforms. The objective is to help sellers and solution architects identify an appropriate 

storage starting point and recognize when workload demands, deployment scale, or data-service 

requirements call for a more specialized high-performance storage architecture. 

The paper is organized as follows. Section 2 introduces the Lenovo Hybrid AI Factory platforms and their 

intended workload focus. Section 3 examines how AI workload characteristics influence storage requirements 

and provides general guidance for common AI workloads. Section 4 presents the Lenovo AI storage portfolio, 

including Lenovo ThinkSystem DM, DG, and DE Series storage and solutions available through the Lenovo 

partner ecosystem. Section 5 provides workload-based sizing guidance, maps storage architectures to the 

Lenovo Hybrid AI Factory platforms and outlines the principal criteria for selecting an appropriate storage 

starting point. Finally, Section 6 summarizes the guidance and identifies areas for further study. 
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2 Lenovo Hybrid AI Factory Platforms 

Lenovo Hybrid AI Factory platforms bring together compute, networking, storage, system management, 

services, and AI software through an integrated infrastructure approach. The platforms provide different 

architectural starting points based on workload requirements and deployment scale, rather than prescribing a 

single infrastructure configuration for every enterprise AI environment. 

The Lenovo Hybrid AI 221 and 241 platforms [1] are positioned for compact deployments supporting 

workloads such as enterprise inference, RAG, and computer vision. The Lenovo Hybrid AI 285 platform [2] 

supports scalable, multi-node environments for enterprise inference, RAG, agentic AI, fine-tuning, and mixed 

AI workloads. The Lenovo Hybrid AI 289 platform [3] addresses larger and more demanding environments 

focused on model training, fine-tuning, and large-scale enterprise inference. Table 1 summarizes the 

reference infrastructure configuration and intended workload focus of each platform. 

 

Lenovo Hybrid 

AI Platform 

Reference Server 

and Form Factor 

Reference GPU 

Configuration 

Intended Workload Focus 

221 ThinkSystem SR650a 

V4, 2U 

2× PCIe GPUs, RTX PRO 

6000 Blackwell Server Edition 

Enterprise inference, RAG, 

computer vision 

241 ThinkSystem SR650a 

V4 or  

SR665 V4, 2U 

4× PCIe GPUs, RTX PRO 

4500 Blackwell Server Edition 

Enterprise inference, RAG, 

computer vision 

285 ThinkSystem SR675i 

V3, 3U 

8× PCIe GPUs, RTX PRO 

6000 Blackwell Server Edition 

Enterprise inference, RAG, 

agentic AI, fine-tuning, mixed 

workloads 

289 ThinkSystem SR680a 

V4, 8U 

8× NVIDIA HGX GPUs, B300 Model training, fine-tuning, and 

large-scale enterprise 

inference 

Table 1 – Lenovo Hybrid AI Factory Platform Overview 

 

As Hybrid AI Factory deployments expand from compact, primarily node-local configurations to shared and 

multi-node environments, their storage requirements also evolve. The appropriate storage architecture 

depends on workload characteristics, data volume and type, concurrency, required data services, access 

protocols, and deployment scale. The platform definitions introduced in this section provide the basis for 

determining where node-local storage, Lenovo ThinkSystem shared storage, and scale-out high-performance 

storage architectures available through the Lenovo partner ecosystem fit within an enterprise AI solution. The 

next section examines how these workloads and deployment characteristics translate into storage 

requirements. 
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3 Understanding Storage Requirements for AI 

Artificial intelligence is rapidly evolving from primarily generative applications such as conversational chatbots 

toward more dynamic workflows involving RAG, multimodal AI, and agentic AI. The requirements for running 

these applications extend beyond the capabilities of the underlying models. They increasingly depend on 

continuous access to enterprise data throughout the AI lifecycle, including data ingestion and preparation, 

model training and fine-tuning, retrieval and inference, and the generation of new data and model artifacts. As 

AI becomes more deeply integrated into enterprise processes, the architecture used to store, protect, share, 

and access data effectively and efficiently becomes an increasingly vital part of the overall AI solution. 

This requirement makes AI infrastructure inherently data-centric. Model quality and usefulness depend heavily 

on the quality, relevance, and availability of the data used by the AI system. At the same time, organizations 

must maintain the resilience, security, governance, and integrity of that data. Designing a storage solution 

based on capacity alone is therefore not sufficient. Data must be available to the right workloads with the 

required performance and reliability. This is particularly important in GPU-accelerated environments, where 

inadequate data access can leave valuable compute resources waiting for data rather than performing useful 

work. 

Storage architectures for AI must consequently balance capacity and data services with performance 

characteristics such as throughput, latency, metadata operations, and concurrent access. These requirements 

vary significantly by workload and scale, from enterprise RAG and inference to data-intensive computer vision 

and distributed model training. As workload scale and performance demands increase, the role of the high-

performance storage becomes increasingly critical within the AI infrastructure, providing the shared data 

foundation required to keep accelerated compute resources productively utilized. 

3.1 Why AI Workloads Require High-Performance Storage 

High-performance storage (HPS) refers to storage architectures designed to provide the bandwidth, latency, 

concurrency, and scalability required by data-intensive workloads. HPS evolved alongside high-performance 

computing (HPC), where large numbers of compute nodes require concurrent access to shared datasets and 

storage resources. Rather than being defined by a specific storage technology or protocol, HPS is 

characterized by its ability to deliver sustained performance to many concurrent workloads accessing shared 

data. 

AI introduces many of the same challenges, but with different I/O patterns depending on the workload. 

Training may require sustained access to large datasets and sufficient write performance for model 

checkpointing, while inference and RAG commonly require efficient access to models, source data, and other 

shared AI assets. Computer vision use-cases combined with very low-latency KPIs such as autonomous 

driving or incident prevention requires very high throughput to process high resolution images. Local memory 

and NVMe storage can provide very high performance for data already resident on a compute node, while 

shared high-performance storage becomes important when data must be accessed across multiple nodes, 

workloads, users, or when additional capacity is required for datasets, checkpoints, model artifacts, and 

inference-state offloading. 

As GPU performance improves and Hybrid AI Factory deployments scale, the volume of datasets, models, 

checkpoints, and AI artifacts that must be shared between users, workloads, and compute resources also 
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increases. Storage therefore becomes a critical part of the end-to-end AI data path, connecting enterprise 

datasets with accelerated compute while providing the performance, availability, and data services required by 

the environment. HPS helps address these challenges by delivering the bandwidth, scalability, and concurrent 

data access needed to efficiently support modern AI workloads. Because the necessary performance remains 

workload dependent, the following sections provide general sizing guidance for mixed environments and then 

examine the storage characteristics of individual AI workloads. 

Capacity requirements for HPS vary by customer, depending on factors such as dataset size, number of 

users, retention policies, data-protection requirements, and expected growth. This section therefore focuses 

primarily on storage throughput, which directly affects the ability to keep GPUs supplied with data and 

minimize time spent waiting for I/O. 

Read requirements are expressed primarily as throughput per concurrently active GPU, allowing the guidance 

to scale across different deployment sizes. Write requirements for training are evaluated separately because 

checkpoint bandwidth is driven mainly by model size, precision, optimizer state, checkpoint duration, and the 

number of training jobs checkpointing concurrently. 

These calculations provide initial sizing targets rather than complete storage specifications. The sizing 

methodology presented in this paper focuses primarily on storage-throughput requirements. Other storage 

characteristics, including latency, IOPS, metadata performance, protocol efficiency, access patterns, usable 

capacity, resilience, and data services, can also influence workload behaviour and storage selection and 

should therefore be evaluated as part of the overall solution-design process. 

3.2 General Storage Performance Guidance 

Storage performance for an AI environment should be determined from the workloads expected to run 

concurrently rather than from the GPU platform alone. Different workloads generate different access patterns, 

and no single throughput value is appropriate for every deployment. Read performance is relevant across 

inference, RAG, computer vision, fine-tuning, and training. Sustained write performance is particularly 

important for training because model checkpoints can generate large, blocking write operations. 

For initial sizing, NVIDIA defines Standard and Enhanced storage-performance reference points [4]. The 

term “Standard” represents compute-dominant workloads for which data I/O has a limited effect on overall 

execution time and much of the working dataset can be retained in local memory or cache. “Enhanced” on the 

other hand, represents more I/O-sensitive workloads using larger or multimodal datasets that require more 

frequent access to shared storage. 

The reference values used in this paper are: 

• Standard: approximately 0.16 GB/s of read throughput and 0.08 GB/s of write throughput per GPU. 

• Enhanced: approximately 0.5 GB/s of read throughput and 0.25 GB/s of write throughput per GPU. 

These values provide reference performance envelopes rather than universal workload requirements. Those 

can easily go beyond the metrics stated here; for example, use cases in automative and other computer 

vision related tasks needs ~4GBps per GPU read performance. Final sizing must reflect the actual workload, 

cache effectiveness, dataset characteristics, concurrency, checkpoint behavior, and performance objectives. 

This paper assumes that read and write performance should be sized differently. Read performance applies 

across all AI workloads and is generally estimated from the number of GPUs expected to access shared 
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storage concurrently. Write performance is particularly important for model training and fine-tuning because 

checkpoint operations can generate large, synchronous writes that temporarily interrupt computation.  

 

Read performance for all workloads 

For shared storage supporting RAG, LLM serving, fine-tuning, training, or mixed workloads, this paper uses 

the Enhanced read-performance target as a conservative starting point for conventional LLM workloads. 

Lower-throughput environments may be adequately served by Standard guidance, particularly when the 

working dataset is cached locally or I/O is not a significant contributor to execution time. Conversely, data-

intensive workloads such as high-resolution computer vision can require substantially greater sequential read 

throughput and should be sized from workload-specific measurements or the higher guidance given in this 

section. 

For both homogenous and mixed-workload deployments, the aggregate storage requirement can be 

estimated as follows: 

𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑟𝑒𝑎𝑑 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 = 𝑎𝑐𝑡𝑖𝑣𝑒 𝐺𝑃𝑈 𝑐𝑜𝑢𝑛𝑡 ×  𝑟𝑒𝑎𝑑 𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 𝑡𝑎𝑟𝑔𝑒𝑡 𝑝𝑒𝑟 𝐺𝑃𝑈 

The active GPU count should represent GPUs expected to access shared storage concurrently, not 

necessarily the total number installed in the solution. For example, a design containing several independent 

workloads may not reach maximum theoretical demand if computation, data loading, inference, and 

checkpoint operations occur offset to each other with respect to the other workloads. However, environments 

requiring predictable performance under maximum concurrency should be sized for the combined peak 

demand of all active workloads. This calculation provides an initial throughput target and does not replace 

validation of metadata performance, IOPS, latency, usable capacity, protocols, resilience, or end-to-end 

network bandwidth. 

 

Write performance for training 

Training write performance should be calculated primarily from the model size, numerical precision, optimizer 

and training state, required checkpoint completion time, and number of training jobs expected to checkpoint 

concurrently. Unlike read-throughput sizing, checkpoint write bandwidth should not be derived directly from 

the number of GPUs in the solution. 

 

Network limitation 

After determining the workload requirement, the resulting throughput target must be compared with the usable 

bandwidth of the complete network path. In this paper, network bandwidth ceiling represents the maximum 

storage bandwidth that the referenced platform network can carry under full utilization. It is an architectural 

limit, not a workload-sizing and not an indication of GPU performance. A storage system capable of exceeding 

this value may still be useful for future expansion, but the AI compute nodes cannot consume the additional 

bandwidth through the specified network path. Changes to adapter, switch, and uplink configurations can 

change this boundary. 

The reference network configurations establish the following theoretical per-GPU limits at full concurrent 
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utilization: 

• Hybrid AI 221: up to 12.5 GB/s per GPU, based on 200 Gb/s of node bandwidth shared by two GPUs. 

• Hybrid AI 241: up to 6.25 GB/s per GPU, based on the same node bandwidth shared by four GPUs. 

• Hybrid AI 285 and 289: up to 3.125 GB/s per GPU, based on 800 Gb/s of storage-facing bandwidth 

per Scalable Unit shared by 32 GPUs. 

These values are network limits per reference designs for the documented configurations, not guidelines to 

provision every workload at those rates. Detailed information about sizing per workload profile is given in 

Section 3.3. They also explain why the smaller Hybrid AI 221 and 241 platforms can expose more network 

bandwidth per GPU: their available node bandwidth is divided among fewer GPUs. This should not be 

interpreted as indicating that these platforms require more storage performance or are inherently better suited 

to every high-throughput workload. The appropriate target remains workload dependent. 

For mixed workloads, a practical design approach is therefore to identify the highest expected read demand, 

estimate the number of GPUs accessing shared storage concurrently, add any simultaneous checkpoint write 

requirements, and compare the resulting aggregate demand with both the sustainable storage-system 

performance and the end-to-end network limit. Where precise workload data is unavailable, the Standard and 

Enhanced values provide initial reference points, but the design should be validated through workload 

characterization before final configuration. 

3.3 Guidance by Workload 

AI workloads create different storage-access patterns, so no single per-GPU throughput value is appropriate 

for every deployment. Read performance is relevant across inference, RAG, computer vision, fine-tuning, and 

training, while sustained write performance is particularly important for model training because checkpoints 

can temporarily generate large, blocking write operations. The following guidance provides initial sizing 

targets that must be multiplied by the expected concurrency and validated against the platform network. 

LLM training and fine-tuning 

AI training generates both storage-read and storage-write requirements. Read performance is required to load 

datasets and continuously stream training data to the GPUs, while write performance is needed for 

checkpointing, logging, and model persistence. The relative importance of these requirements depends on the 

workload, dataset size, storage architecture, caching strategy, and data pipeline implementation. In many 

environments, dataset-read performance can be significantly influenced by memory capacity, caching, 

prefetching, and data staging techniques, making it difficult to define a universal read-performance 

requirement. 

By contrast, checkpointing requirements can be derived directly from measurable parameters such as model 

size, numerical precision, optimizer and training state, checkpoint frequency, target checkpoint completion 

time, and number of jobs checkpointing concurrently. The checkpoint throughput requirement is theoretically 

independent of the number of GPUs used for training because it is primarily determined by the amount of 

model and optimizer state that must be written to storage. Regardless of the training algorithm employed, a 

lower bound exists on the checkpoint size based on the number of model parameters alone. In practice, 

however, the total amount of data written during checkpointing depends heavily on the training framework, 

optimizer implementation, and checkpointing methodology. Optimizers introduce additional memory and I/O 
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overhead because they maintain extra state information beyond the model parameters themselves. 

Starting with the numerical precision used during training (FP4, FP8, FP16, and so on), it is possible to 

estimate the minimum size of a model checkpoint from the number of model parameters. For example, a 13-

billion-parameter model quantized into FP16 precision requires 2 bytes per parameter, resulting in 

approximately 26GB of model data. This value represents the minimum amount of data that must be written 

regardless of the training algorithm used. 

In practice, training checkpoints often contain significantly more information than the model weights alone. A 

common example is the Adam [5] or AdamW [6] optimizer, which is widely used in AI training frameworks such 

as PyTorch [7] and in the training of the Meta Llama family of models [8]. In addition to the model weights, 

these optimizers maintain optimizer state and master weights that must also be checkpointed. For BF16 or 

FP16 training, these additional data structures can increase the checkpoint footprint to approximately 16 bytes 

per model parameter. Using the same 13-billion-parameter example, the total checkpoint size increases from 

approximately 26GB to approximately 208GB. 

Although newer optimizers can reduce this overhead, Adam and AdamW remain common reference 

implementations in AI training environments. For this reason, this paper uses the Adam/AdamW footprint as a 

conservative sizing estimate for Lenovo Hybrid AI deployments. 

Because GPUs represent a significant infrastructure investment, checkpoint operations should complete 

quickly enough to minimize the time training jobs spend waiting on storage I/O. A target checkpoint duration 

therefore provides a practical method for translating checkpoint size into a storage-bandwidth requirement. 

For the sizing methodology used throughout this paper, checkpoint bandwidth is calculated assuming a 

checkpoint footprint of 16 bytes per model parameter for FP16 or BF16 training using Adam or AdamW 

optimizer state, together with a target checkpoint completion time of 300 seconds. Using the previous 

example of a 13-billion-parameter model, this results in a checkpoint size of approximately 208 GB and a 

required write throughput of approximately 0.7 GB/s to write a checkpoint in 300 seconds.  

This produces the following approximate aggregate write-throughput requirements for a single training job: 

 

 

Figure 1 – Aggregate storage write-performance requirements for AI training by model size 

If several training jobs may checkpoint simultaneously, their write-bandwidth requirements must be added. A 

shorter checkpoint target, a larger model state, greater precision, or additional optimizer state increases the 
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required bandwidth. A longer checkpoint interval, lower precision, reduced checkpoint content, or staggered 

checkpoint scheduling can lower the peak aggregate requirement. For fine-tuning, these figures should be 

treated as an upper bound because the amount of state written can be smaller depending on the fine-tuning 

method and checkpoint implementation. 

RAG and LLM serving 

RAG and LLM-serving workloads typically require access to models, vector database persistence, source 

documents, embeddings, and other shared AI assets. Their storage behaviour can include model loading, 

model swapping, metadata-intensive access, and repeated retrieval of relatively small objects. Consequently, 

latency, metadata performance, and IOPS can be as important as sequential bandwidth. 

For external shared-storage sizing, this paper recommends an initial read target of approximately 0.5 GB/s 

per concurrently active GPU, corresponding to the Enhanced NVIDIA reference point. Deployments with 

working data retained effectively in local memory or local storage may operate closer to the Standard 

reference of approximately 0.16 GB/s per GPU. In later sections, workloads with throughput requirements 

closer to the lower reference target are categorized as “Low-IO RAG/Inferencing”. The appropriate choice of 

value depends on model-loading frequency, cache effectiveness, context size, dataset characteristics, 

concurrency, and the share of the workload served from local rather than shared storage. 

Computer vision 

Computer-vision workloads can generate sustained sequential reads from large image or video datasets. 

High-resolution automotive and computer-vision workloads represent the most demanding read case in the 

current guidance, with a target of approximately 4 GB/s per active GPU. This is a workload-specific upper 

sizing point and should not be generalized to every computer-vision deployment. Actual demand depends on 

image resolution, encoding, preprocessing, sampling rate, augmentation, cache effectiveness, and the 

number of data-loader processes operating concurrently. 

Computer-vision workloads may also be more sensitive to unpredictable I/O contention because data access 

can occur continuously rather than at scheduled checkpoint intervals. Designs supporting high-resolution 

image or video pipelines should therefore validate not only peak throughput but also sustained performance, 

concurrency, and the behaviour of the complete data path. 

On Hybrid AI 285 and 289 configurations, this 4 GB/s workload target exceeds the referenced network ceiling 

value of 3.125 GB/s per GPU when all GPUs perform I/O concurrently. The achievable rate would therefore 

be constrained by the network configuration before reaching the workload target. This does not prevent 

computer-vision workloads from running, but maximum concurrency may increase contention and data-

loading latency. Caching, workload staggering, or changes to the end-to-end network design may be required 

where sustained performance near the workload target is necessary. 

Agentic AI, multimodal, and blended workloads 

Agentic AI, multimodal pipelines, and mixed AI environments do not have a single representative I/O profile. 

These environments often combine model serving, retrieval, vector database operations, image and video 

processing, data ingestion, tool usage, fine-tuning, and training workloads, each with different storage access 

characteristics. 

As a result, storage performance requirements should be evaluated against the expected range of data 
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access patterns within the workload mix. At the lower end, deployments dominated by cached inference, 

RAG, or lightweight model serving may require relatively modest storage throughput. At the upper end, 

workloads involving large-scale training, fine-tuning, computer vision, high-resolution automotive AI, or other 

data-intensive processing pipelines can generate substantially higher read and write demands. Mixed 

environments typically fall between these bounds, and the appropriate storage architecture should be sized 

according to the dominant workload characteristics and expected concurrency levels. 

Figure 2 gives an overview of read requirements for various AI applications on storage plane. 

 

Figure 2 – Use Cases Storage read-performance requirements per GPU 
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4 Lenovo AI Storage Solutions 

Lenovo offers a broad portfolio of storage solutions for enterprise AI, ranging from Lenovo ThinkSystem DM, 

DG, and DE Series storage to high-performance software-defined storage (SDS) solutions delivered with 

Lenovo technology partners. Together, these offerings provide options for different workload, capacity, 

performance, data-service, and scalability requirements across Lenovo Hybrid AI Factory deployments. 

The primary focus of this paper is the Lenovo ThinkSystem DM and DG Series, which represent the 

recommended storage foundation for Lenovo Hybrid AI platforms. Alternative SDS architectures are also 

considered through the use of Lenovo ThinkSystem DE Series block storage combined with shared file-

system software, as well as partner solutions from DDN, WEKA, VAST, IBM Storage Scale, and Cloudian. The 

following sections introduce these storage platforms and describe their roles within the Lenovo AI storage 

portfolio. 

4.1 Lenovo ThinkSystem DM and DG Series 

The Lenovo ThinkSystem DM Series [9] and DG Series [10] are unified ONTAP-based storage platforms 

designed to provide enterprise data services, high availability, and multiprotocol access for AI workloads. Both 

platforms support file, block, and object access through protocols including NFS, SMB, S3, iSCSI, NVMe/TCP, 

Fibre Channel, and NVMe/FC, while providing enterprise data-management capabilities such as snapshots, 

cloning, quality of service (QoS), compression, deduplication, encryption, backup, replication, and scale-out 

clustering. By combining dual active controllers with a common ONTAP software foundation, the DM and DG 

Series provide a resilient and flexible storage architecture capable of supporting a wide range of AI data-

access patterns and workload requirements. 

While both platforms share the same software capabilities and management framework, they are optimized 

for different priorities. The Lenovo ThinkSystem DM3200F, DM5200F, and DM7200F are all-NVMe flash 

arrays designed for performance-oriented deployments requiring high throughput, predictable latency, 

metadata performance, and scalability. In contrast, the Lenovo ThinkSystem DG5200 and DG7200 utilize 

high-capacity QLC NVMe flash technology to maximize storage density and cost efficiency while still 

delivering the benefits of an all-flash architecture. 

The DM Series provides a high-performance shared-data foundation for workloads that include model 

repositories, vector database persistence, training datasets, model checkpoints, enterprise RAG, model 

serving, fine-tuning, training, and mixed-workload AI environments. The DM Series is therefore the preferred 

choice when performance, responsiveness, and storage scalability are primary design considerations. 

The DG Series provides a shared and resilient storage foundation for model repositories, RAG source data, 

image and video collections, data lakes, and other large enterprise datasets. Its high-capacity QLC drives 

make it particularly well suited to deployments where storage density, capacity growth, and cost efficiency 

take priority over achieving the highest available storage throughput. Within Lenovo Hybrid AI Factory 

solutions, the DG Series serves as a capacity-focused shared-storage option for inference, RAG, agentic AI, 

computer vision data repositories, and other workloads whose capacity and performance requirements can be 

met by the selected configuration. 

Compared with TLC flash media used with the DM Series, the QLC technology used by the DG Series 

provides greater storage density and a lower cost per terabyte. Lenovo internal pricing analysis indicates that 
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DG-compatible QLC drives maintain a relatively consistent cost per terabyte across the available drive 

capacities while offering a lower cost per terabyte than comparable TLC-based alternatives. In contrast, the 

cost per terabyte of TLC-based DM Series drives generally increases as drive capacity decreases, making 

smaller-capacity configurations comparatively less cost-efficient. 

Table 2 compares the principal configuration, scalability, capacity, and performance characteristics of the 

Lenovo ThinkSystem DM and DG all-flash storage systems. The comparison highlights the different scaling 

profiles across the portfolio, including supported high-availability pairs, expansion enclosures, maximum drive 

counts, and estimated read throughput. These characteristics provide an initial indication of how each system 

may fit different AI deployment sizes and performance requirements. However, the figures should be treated 

as architectural reference points rather than stand-alone sizing recommendations, because effective 

performance and usable capacity depend on the selected configuration, access protocols, network design, 

workload characteristics, and data-protection requirements. 

 

Table 2 – Lenovo DM and DG Storage Solutions Compared 

 

4.2 Lenovo ThinkSystem DE Series and Lenovo Partner 

Storage Solutions 

For data-intensive AI environments, Lenovo supports two complementary approaches to high-performance, 

scale-out storage: 

1. A customizable architecture combining Lenovo ThinkSystem DE Series block storage with a parallel 

file system, such as IBM Storage Scale, BeeGFS, or Lustre. 
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2. An integrated software-defined storage or appliance-based solution from Lenovo ecosystem partners, 

including IBM Storage Scale, WEKA, VAST, DDN, and Cloudian. 

The first approach uses Lenovo ThinkSystem DE Series arrays as the block-storage foundation of a 

customized architecture. The DE Series portfolio includes hybrid H Series systems, which combine different 

storage media to balance performance and capacity, and all-flash F Series systems for workloads requiring 

higher performance and lower latency. These systems offer flexible drive configurations, enterprise storage-

management capabilities, high availability, and a range of host-connectivity options. 

In AI environments, DE Series storage can support large datasets, model checkpoints, and other workloads 

requiring high aggregate read and write throughput. Because the DE Series provides block storage, shared 

file access across multiple AI compute nodes requires a parallel file system or data-management layer, 

together with the supporting servers, networking, and validated architecture. Technologies such as IBM 

Storage Scale, BeeGFS, and Lustre can provide this shared file system layer. This modular approach gives 

customers flexibility to design and optimize the architecture around their specific performance, capacity, 

scalability, and integration requirements. 

The second approach uses integrated SDS or appliance-based solutions from Lenovo ecosystem partners, 

including IBM Storage Scale, WEKA, VAST, DDN, and Cloudian. It builds on Lenovo’s experience delivering 

HPC storage architectures with these partners by combining their technologies with Lenovo compute, 

networking, integration, and services. Depending on the selected platform, these solutions may provide 

capabilities such as scale-out file and object storage, large shared namespaces, and specialized AI data-

management services. Their more integrated design may also simplify deployment and provide an operational 

model aligned with the customer’s existing software stack and data strategy. 

Both approaches can support customized, data-intensive environments where performance, scalability, or 

specialized data services are primary design considerations. They can address requirements such as high 

aggregate throughput, shared access across multiple compute nodes and Scalable Units (SUs), high-

performance training and checkpointing, object-based data lakes, and specialized AI data-management 

capabilities. 

These approaches represent different architectural models rather than different tiers of the same portfolio. A 

DE Series-based solution provides a modular architecture that combines block storage with a parallel file 

system, servers, and networking. An integrated SDS or appliance-based solution delivers storage and data 

services through a more unified platform. 

The appropriate architecture depends on the customer’s workload, capacity and performance target, 

deployment scale, access protocols, resilience requirements, software stack, data-management needs, and 

operational model. Detailed sizing, architecture validation, and partner selection should therefore be based on 

the customer’s specific requirements. 
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5 Selecting Storage for Lenovo Hybrid AI 
Platforms 

This section brings together the AI workload and storage requirements presented in Section 3 with the AI 

positioned storage offerings from Lenovo and Lenovo Partners introduced in Section 4. It provides guidance 

for selecting an appropriate storage starting point based on workload characteristics, deployment scale, 

throughput, capacity, concurrency, data services, and operational requirements. These considerations are 

then mapped to the Lenovo Hybrid AI Factory platforms to identify when Lenovo ThinkSystem DM, DG, or DE 

Series storage, or a high-performance storage solution from the Lenovo partner ecosystem, may be 

appropriate. 

5.1 Storage Sizing Considerations: Understanding the 

Workload 

Storage selection should be based on the workloads and operational requirements of the deployment, rather 

than on the compute platform and network configuration alone. Section 3.3 provides initial throughput targets 

for different AI workload profiles. Conventional RAG and LLM-serving workloads use lower reference targets 

(i.e., less than a Gigabyte per second per concurrently active GPU), while data-intensive workloads such as 

high-resolution computer vision can require substantially greater read throughput (i.e., approximately 4 GB/s 

per concurrently active GPU). In mixed-workload environments, the aggregate requirement depends on the 

combination of workloads expected to access shared storage concurrently and will typically fall within the 

range defined by the lowest and highest workload-specific throughput targets. Therefore, alongside the 

workload specifics, initial sizing should also consider the number of concurrent jobs and users, and the 

number of GPUs expected to perform storage I/O at the same time.  

Training and fine-tuning require separate consideration of checkpoint write performance. The required 

bandwidth depends primarily on the amount of model, optimizer, and training state written during each 

checkpoint, the target checkpoint completion time, and the number of jobs that may checkpoint concurrently. A 

single large-model training workload can generate significant checkpoint-write requirements, while 

environments supporting many concurrent training jobs must consider the aggregate impact of multiple 

checkpoint operations. In practice, peak write demand may vary depending on the timing of checkpoint 

operations across workloads, as workloads are often not checkpointing at the same time. Storage sizing 

should nevertheless reflect the level of concurrency for which predictable performance is required. 

Additional storage-sizing considerations include: 

- Usable capacity and growth requirements: What is the expected size of datasets, models, 

checkpoints, and other retained data, and how rapidly are these expected to grow? Consider whether 

older data can be moved to a separate larger “cold” tier for long term storage. 

- Resilience and data protection requirements: Different environments may require different levels 

of availability, redundancy, backup, replication, and recovery. The importance of the data stored on 

the active storage tier should be considered when selecting an architecture. 

- Access protocols: Determine whether the workload requires file, block, or object access, such as a 

shared file system or S3-compatible object storage.  
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- Operational and software requirements: Some environments may require features provided by 

software-defined or appliance-based solutions, such as large shared namespaces, advanced data-

management capabilities, data tiering, or integration with an existing storage strategy. 

The following subsections apply these considerations to the Lenovo Hybrid AI Factory platforms and examine 

how Lenovo ThinkSystem and partner ecosystem storage architectures align with different workload, 

performance, capacity, scalability, and operation requirements. 

5.2 Mapping Lenovo Storage Platforms to Throughput 

Requirements 

Lenovo Hybrid AI 221 and 241 Platform Storage Options 

For the Lenovo Hybrid AI 221 and 241 platforms, the scalable unit1 consists of a single server with two or four 

GPUs, respectively. Compared to the Lenovo Hybrid AI 285 and 289 platforms, the number of GPUs 

concurrently accessing storage is therefore significantly lower. As a result, local NVMe storage may be 

sufficient for many inference, RAG, and computer-vision deployments. 

The Lenovo Hybrid AI 221 and 241 platforms, based on the ThinkSystem SR650a V4 or SR675i V3, support 

configurations with up to eight local drives. The Lenovo Hybrid AI 241 platform, based on the ThinkSystem 

SR665 V3, supports configurations with up to sixteen local drives. These configurations can provide 

substantial local-storage capacity and throughput and may satisfy the requirements of many smaller-scale AI 

deployments without the need for external shared storage. 

Where external storage is required, such as to share data across multiple systems, provide additional 

resilience, support alternative access protocols, or deliver centralized data management, Lenovo 

ThinkSystem DM and DG Series storage can provide a suitable shared-storage foundation. The storage-

positioning guidance presented for the Lenovo Hybrid AI 285 and 289 platforms in the following sections can 

also be applied to the 221 and 241 platforms. However, because the 221 and 241 platforms contain 

significantly fewer GPUs per scalable unit, their aggregate storage-throughput requirements are typically 

lower. In these environments, the DG Series may remain an attractive option for deployments where capacity 

and cost efficiency are higher priorities than maximum storage throughput. 

Lenovo ThinkSystem DG and DM Series for Lenovo Hybrid AI 285 and 289 Platforms 

For the Lenovo Hybrid AI 285 and 289 platforms, a scalable unit (SU) consists of four servers interconnected 

through a high-speed fabric, with each server containing eight GPUs. This architecture enables AI workloads 

to scale across multiple nodes and large GPU counts while accessing shared datasets, model artifacts, and 

checkpoints. As a result, external shared storage generally becomes an important part of the storage 

architecture, particularly for deployments requiring shared data access across nodes, users, workloads, or 

scalable units. 

 

 
1 For the Lenovo Hybrid AI 221 and 241 platforms, the units do not “scale” in the same sense as the 285 or 289 platforms since they do 

not have the East-West network integration for multi-node GPU communication, but this paper keeps the SU terminology for consistency. 
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Figure 3,Figure 4, and Figure 5 compare the read-throughput capabilities of the Lenovo ThinkSystem 

DG5200F, DM5200F, and DM7200F against the workload guidance presented in Section 3.3. The figures 

illustrate how the supported throughput range of each storage platform maps to different workload profiles and 

Hybrid AI deployment sizes, with the scaling factor defined as the scalable unit. Figure 3 covers throughput 

requirements up to 100 GB/s, Figure 4 extends the range to 400 GB/s, and Figure 5 extends it beyond 800 

GB/s, where the network limitations discussed in Section 3.2 become a factor. For throughput requirements 

beyond the practical range of the Lenovo ThinkSystem solutions, the figures also indicate where Lenovo 

certified partner solutions may be appropriate. 

 

Figure 3 – HPS Read Throughput Guidance for Multiple 285/289 SUs up to 100GB/s 

 

The scalable-unit counts shown in the figures are derived from the workload-specific throughput guidance 

introduced in Section 3.3. For the Hybrid AI 285 and 289 platforms, each scalable unit contains 32 GPUs, 

allowing the per-GPU throughput guidance to be translated into aggregate storage-throughput requirements 

and corresponding deployment sizes (i.e., 32 ×  𝑛 ×  𝑡ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 𝑝𝑒𝑟 𝐺𝑃𝑈). The figures assume a maximum-

concurrency scenario in which all relevant workloads access shared storage simultaneously. In practice, 

concurrency is often lower because data-loading, inference, and checkpoint operations do not always occur at 

the same time. Consequently, actual storage-throughput requirements may be lower than the values shown in 

the figures. 

Figure 3 shows that the DG5200F can support many Low IO RAG and inference deployments across a 

significant portion of the supported Hybrid AI 285 deployment range. In addition to satisfying the throughput 

requirements of these workloads, the DG Series provides a cost-efficient approach to scaling capacity through 

the use of high-density QLC flash media. This makes it particularly attractive when storage capacity and cost 

per terabyte are higher priorities than maximizing throughput. 
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Figure 4 – HPS Read Throughput Guidance for Multiple 285/289 SUs up to 400GB/s  

 

Figure 3 and Figure 4 illustrate that the DM7200F provides a substantially larger performance-scaling 

envelope than either the DM5200F or DG5200F due to its support for larger scale-out configurations (i.e., up 

to 12 HA pairs). As a result, the DM7200F is generally the preferred shared-storage starting point for larger 

Hybrid AI deployments and for workloads with higher throughput requirements. For Hybrid AI 285 

deployments which scales up to 5 SU, the DM7200F is a suitable building block to support the throughput for 

Low IO RAG/Inferencing, [Higher IO] RAG/Inferencing, and Blended workload profiles across the full 

supported deployment range, subject to the sizing assumptions used throughout this paper. 

The DM5200F occupies the space between the DG5200F and DM7200F. For deployments requiring less 

aggregate throughput or fewer HA pairs, it may provide a more economical alternative while still delivering the 

performance, data services, and scalability required by the workload. 

Although the DG Series can also be used with Hybrid AI 285 and 289 deployments, its more limited 

throughput scalability should be carefully evaluated against both current workload requirements and 

anticipated future expansion. It is therefore best suited to environments where capacity efficiency is the 

primary design consideration and throughput requirements remain within the supported range. 
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Figure 5 – HPS Read Throughput Guidance for Multiple 285/289 SUs up to 800GB/s and Beyond 

 

Figure 5 highlights the network limits discussed in Section 3.2, which become visible as aggregate throughput 

approaches approximately 800 GB/s. Beyond this point, the network infrastructure, rather than the storage 

system itself, becomes the primary limiting factor. Storage platforms capable of delivering additional 

throughput may still provide value for future expansion, but the referenced Hybrid AI 285 and 289 network 

architectures cannot sustain higher aggregate bandwidth under full-concurrency conditions. 

These limits represent a theoretical maximum-concurrency scenario in which all GPUs access shared storage 

simultaneously. In practice, workload scheduling, caching, and the natural staggering of I/O-intensive phases 

often reduce peak demand, allowing higher deployment density before network saturation becomes a 

practical concern. 

When considering the maximum supported 32-SU Hybrid AI 289 deployment, the DM7200F remains an 

appropriate storage platform for Low IO RAG and inference workloads, while higher-throughput inference 

environments may require scale-out architectures provided through the Lenovo storage partner ecosystem. 

For blended workloads, training, and computer-vision use cases, the figures indicate the SU counts at which 

network limitations may begin to affect maximum-concurrency operation. Actual deployment limits will depend 

on workload behaviour, concurrency, and the effectiveness of caching and workload scheduling. 

For highly data-intensive computer-vision workloads, the Hybrid AI 221 and 241 platforms may provide higher 

available network bandwidth per GPU than the Hybrid AI 285 and 289 platforms. As discussed in Section 3.2, 

this characteristic can make them attractive for specialized deployments requiring unusually high per-GPU 

storage throughput. 
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Figure 6 – HPS Write Throughput Guidance for 300 Sec Checkpointing with a 16-bit Precision Model 

 

Figure 6 applies the checkpoint-sizing methodology introduced in Section 3.3 to representative model sizes 

ranging from 13 billion to 1 trillion parameters. The calculation assumes a checkpoint footprint of 16 bytes per 

parameter, consistent with the optimizer assumptions used throughout this paper, and a target checkpoint 

completion time of 300 seconds. The resulting write-throughput requirements are compared with the write-

performance capabilities of the ThinkSystem DG5200F, DM5200F, and DM7200F to illustrate how these 

platforms align with different training scales and levels of checkpoint concurrency. 

As with read-throughput sizing, actual write-throughput requirements may be reduced when checkpoint 

operations are naturally staggered across multiple training jobs. However, environments requiring predictable 

performance under peak concurrency should be sized according to the aggregate checkpoint demand. 

The DM7200F can support training workloads ranging from smaller models at higher concurrency to larger 

models approaching one trillion parameters at lower concurrency levels. The DM5200F and DG5200F are 

more appropriate for smaller-scale training workloads with lower checkpoint-bandwidth requirements. For 

larger models, higher checkpoint concurrency, or future growth beyond the ranges illustrated in Figure 6, 

Lenovo partner storage solutions become increasingly relevant. 

5.3 Storage Selection Criteria 

The workload guidance and storage-positioning recommendations presented in this paper are intended to 

provide a storage starting point rather than prescribe a single solution. After identifying the throughput 

requirements of the workload, the selected architecture should be validated against capacity, scalability, data-

management, operational, and resiliency requirements. The following criteria provide a practical framework for 

selecting an appropriate storage architecture for a Lenovo Hybrid AI deployment. 

Throughput 

Use the workload guidance presented in Section 3 and the sizing figures in Section 5.2 to identify solutions 

capable of meeting the required read and write throughput targets. Storage throughput should be evaluated 
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based on workload type, deployment size, expected concurrency, and checkpoint requirements rather than 

GPU count alone. Table 2 can then be used to compare the performance characteristics of the candidate 

storage platforms. 

Capacity and Scalability 

Evaluate both current and future capacity requirements, including datasets, model repositories, checkpoints, 

vector databases, and retained AI artifacts. The selected architecture should provide sufficient usable capacity 

together with an appropriate path for scaling capacity, performance, and shared-data access as the 

deployment grows. Multi-SU deployments, large training environments, and highly concurrent workloads may 

require architectures designed for large-scale operation. Table 2 can be used to compare the scalability 

characteristics of the candidate storage platforms and verify that the selected architecture provides sufficient 

capacity and performance headroom for future growth. 

Data Services and Access Requirements 

Consider whether the workload requires specific storage protocols or data services, such as file, block, or 

object access, snapshots, cloning, replication, centralized management, shared namespaces, tiering, or 

integration with an existing storage strategy. These requirements may influence whether a Lenovo 

ThinkSystem DM, DG, DE-based architecture, or a Lenovo partner storage solution is the most appropriate 

choice. 

Operational and Resiliency Considerations 

Consider the availability, recovery, and data-protection requirements of the deployment. AI environments may 

require capabilities such as snapshots, replication, backup integration, encryption, disaster recovery, and high 

availability to protect datasets, model artifacts, vector databases, and checkpoints. The importance of these 

requirements varies across environments. While some deployments may prioritize maximizing performance 

and capacity, others may place greater emphasis on business continuity, recovery objectives, and operational 

risk. These considerations should be evaluated alongside throughput and capacity requirements when 

selecting a storage architecture. 

5.4 Recommended Storage Starting Points for Hybrid AI 

Deployments 

The recommendations in this section are intended to provide an initial storage-positioning framework for 

common Hybrid AI deployment scenarios. They should not replace workload characterization or detailed 

sizing. The most appropriate storage architecture remains dependent on workload throughput requirements, 

capacity, data services, access protocols, resiliency objectives, operational requirements, and expected 

growth. 

Based on the conclusions of the previous sections, we present general guidance on the positioning of Lenovo 

Storage solutions as part of a complete Hybrid AI solution. The guidance presented is chosen with a goal to 

be relevant to a broad range of deployments, with additional notes for the specialized cases relevant only to a 

smaller range of customers. 
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Customer 

Application 

Hybrid AI 

Factory 

Offering 

Recommended 

Storage Starting 

Point 

Conditions Requiring Adaptation 

Single to few node 

inference, RAG, and 

computer vision 

Hybrid AI 221 or 

241 

Local NVMe storage Consider DG5200F or DM5200F when 

shared storage, centralized data 

management, object storage, additional 

resilience, or larger datasets are required. 

Scale out inference, 

RAG, and blended 

AI workloads 

Hybrid AI 285 DM7200F shared 

storage 

Consider DG Series storage when capacity 

requirements grow faster than throughput 

requirements. Consider multiple DM7200F 

systems or a scale-out storage architecture 

when throughput, concurrency, or future 

growth requirements exceed a single-

system configuration. 

Large-scale 

inference and 

blended AI 

workloads 

Hybrid AI 289 Multiple DM7200F 

systems 

Consider Lenovo partner storage solutions 

when throughput, namespace scale, multi-

SU access requirements, or specialized 

data services exceed the practical range of 

the ThinkSystem DM Series. 

Large-model training 

and training-

intensive 

environments 

Hybrid AI 289 DE Series-based 

architecture 

Consider Lenovo partner storage solutions 

when checkpoint throughput, deployment 

scale, concurrency, or specialized data-

management requirements exceed the 

practical range of a DE Series-based 

architecture. 

Table 3 – General Storage Starting Points by Customer Application and Hybrid AI Factory Offering 

 

In general, Lenovo ThinkSystem DM Series storage represents the preferred shared-storage starting point for 

most Hybrid AI deployments requiring enterprise data services and balanced performance. The DG Series 

provides a capacity-optimized alternative for deployments where cost efficiency and storage density are 

primary considerations. For large-scale training environments, highly concurrent workloads, or deployments 

requiring specialized data-management capabilities, DE Series-based architectures and Lenovo partner 

storage solutions may provide a more appropriate foundation. 

The recommendations in Table 3 are intended as storage starting points rather than prescriptive designs. 

Specific configurations, including the number of HA pairs required, depend on the workload, deployment size, 

throughput requirements, capacity targets, and expected growth. The throughput-sizing guidance presented in 
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Section 5.2 and the capacity and scalability characteristics summarized in Table 2 should therefore be used to 

validate the final design. The adaptation criteria included in Table 3 highlight common situations where greater 

performance, capacity, resiliency, scalability, or specialized software capabilities may justify a different storage 

architecture. While no single recommendation is appropriate for every deployment, this framework is intended 

to streamline the storage-selection process and help identify suitable storage architectures for a broad range 

of Lenovo Hybrid AI environments. 
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6 Conclusions and Future Studies 

Storage is a critical part of the end-to-end Lenovo Hybrid AI Factory architecture. Inference, RAG, agentic AI, 

computer vision, fine-tuning, and model training create different demands for capacity, read throughput, 

checkpoint write performance, latency, metadata operations, data services, and shared access. These 

requirements also change as the number of users, concurrent workloads, compute nodes, and Scalable Units 

increases. For this reason, storage should be selected and sized according to the customer’s workload and 

operational objectives to ensure efficient utilization of infrastructure resources and enable future growth 

without architectural changes. 

For Lenovo Hybrid AI Factory deployments, local NVMe storage may be sufficient for many smaller-scale 

Hybrid AI 221 and 241 environments. Where shared storage is required, the ThinkSystem DM Series provides 

the preferred starting point for enterprise inference, RAG, agentic AI, fine-tuning, and mixed workloads that 

require balanced performance and enterprise data services. The ThinkSystem DG Series provides a capacity-

optimized alternative where storage density and cost efficiency are primary considerations. For large-model 

training and training-intensive Hybrid AI 289 deployments, the ThinkSystem DE Series can provide a high-

performance block-storage foundation when combined with an appropriate shared file-system layer. As 

throughput, concurrency, deployment scale, or specialized data-management requirements increase beyond 

the practical capabilities of these architectures, Lenovo partner storage solutions provide additional options for 

scale-out high-performance storage. 

Future studies will extend this guidance in three principal areas. First, additional work will examine the 

positioning and implementation of software-defined storage as Lenovo Hybrid AI Factory environments scale 

across multiple Scalable Units, including performance scaling, shared-file-system architectures, data-tiering 

strategies, and operational considerations. Second, future guidance will address AI data management across 

the data lifecycle, including ingestion, preparation, governance, cataloguing, indexing, vectorization, retrieval, 

and integration with RAG and agentic AI workflows. Finally, future studies will extend the workload analysis 

beyond throughput-oriented sizing considerations to include latency, IOPS, metadata performance, and other 

storage characteristics that can influence AI workload behaviour. These studies will complement the storage 

foundation presented in this paper and support the development of more complete, scalable AI data-platform 

architectures. 



 

25 Lenovo Storage Guidance for Hybrid AI  

 

Abbreviations 

AI : Artificial Intelligence 

FP : Floating Point 

BF : Brain Floating Point 

FC : Fiber Connection 

GPU : Graphical Processing Unit 

HPS : High-Performance Storage 

I/O : Input-Output 

IOPS : Input-Output per Second 

iSCSI  Internet Small Computer System Interface 

KPI : Key Performance Indicator 

LLM : Large Language Model 

NFS : Network File System 

NVMe : Non-Volatile Memory Express 

QLC : Quad-Level Cell 

QoS : Quality of Service 

RAG : Retrieval Augmented Generation 

S3 : Simple Storage Service 

ONTAP : Open Network Technology for Appliance Products 

SCSI : Small Computer System Interface 

SDS : Software Defined Storage 

SMB : Server Message Block 

SU : Scalable Unit 

TCP : Transmission Control Protocol 

TLC : Triple-Level Cell 
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presented here to communicate Lenovo’s current investment and development activities as a good faith effort 

to help with our customers' future planning.  

Performance is based on measurements and projections using standard Lenovo benchmarks in a controlled 

environment. The actual throughput or performance that any user will experience will vary depending upon 

considerations such as the amount of multiprogramming in the user's job stream, the I/O configuration, the 

storage configuration, and the workload processed. Therefore, no assurance can be given that an individual 

user will achieve throughput or performance improvements equivalent to the ratios stated here. 

Photographs shown are of engineering prototypes. Changes may be incorporated in production models. 

Any references in this information to non-Lenovo websites are provided for convenience only and do not in 

any manner serve as an endorsement of those websites. The materials at those websites are not part of the 

materials for this Lenovo product and use of those websites is at your own risk. 
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