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Abstract—The complexity of data management in HPC systems
stems from the diversity in I/O behavior exhibited by new
workloads, multistage workflows, and the presence of multitiered
storage systems. This complexity is managed by the storage
systems, which provide user-level configurations to allow the
tuning of workload I/O within the system. However, these
configurations are difficult to set by users who lack expertise
in I/O subsystems. We propose a paradigm change in which
users specify the intent of I/O operations and storage systems
automatically set various configurations based on the supplied
intent. To this end, we developed the Mimir infrastructure to
assist users in passing I/O intent to the underlying storage system.
We demonstrate several use cases that map user-defined intents
to storage configurations that lead to optimized I/O. In this
study, we make three observations. First, I/O intents should be
applied to each level of the I/O storage stack, from HDF5 to
MPI-IO to POSIX, and integrated using lightweight adaptors
in the existing stack. Second, the Mimir infrastructure supports
up to 400M Ops/sec throughput of intents in the system, with a
low memory overhead of 6.85KB per node. Third, intents assist
in configuring a hierarchical cache to preload I/O, buffer in a
node-local device, and store data in a global cache to optimize
I/O workloads by 2.33×, 4×, and 2.1×, respectively. Our Mimir
infrastructure optimizes complex large-scale workflows by up to
4× better I/O performance on the Lassen supercomputer by
using automatically derived I/O intents.

Index Terms—Mimir, user intent, I/O extension, multi-stage
intent, Intent Infrastructure.

I. INTRODUCTION

Modern HPC workloads that generate, process, and store

large amounts of data [1] are known as data-intensive work-

loads. These workloads consist of individual applications [2],

such as simulation, analysis, and artificial intelligence (AI)

applications, and collections of applications that execute

cooperatively in a workflow [3], such as simulations coupled

with big data or AI analytics. Additionally, the presence of new

storage hardware devices, where additional levels of memory

and storage are stacked in a hierarchy, provides users low

latency and high throughput. This diversity in workloads and

storage hardware has led to the high configurability of storage

software to cater to the different requirements of individual

workloads [4]. While setting workload-specific configurations

for optimizing I/O can yield significant performance benefits,

determining which parameters to set and to what values is

a complex task [5]. As most HPC storage-system software

utilizes POSIX as its default I/O interface for workloads,

some middleware libraries [6], [7] use the intent API (i.e.,

fadvice) provided by POSIX to define I/O behavior and

internally configure their system. A user’s I/O intent is defined

as “why” and “how” the user performs I/O operations. The

“why” explains the reason or domain logic behind performing

I/O, whereas “how” gives resulting I/O characteristics. In the

context of the POSIX interface, the fadvice API supports

a few common OS file-system-specific user intents [8] such

as sequential data access, random data access, the intention

of data to be accessed in the near future, and data no longer

needed. These intents are used within the kernel file system

implementation to manage OS cache efficiently [9].

Describing I/O intent for HPC workloads is a complex

task due to the diversification of HPC workloads, multistage

workflows, and multi-tiered hierarchical storage. As fadvice

was designed for a single process accessing a local file system,

it is insufficient in the context of distributed workloads running

on large-scale storage systems for three main reasons. First,

HPC workloads have diversified from traditional simulations

to data-analytic and artificial-intelligence workloads [10]. This

diversification has led to new I/O behavior that must be

supported by HPC storage systems [5]. Second, we are see-

ing the emergence of workflows with multiple stages that

can include workloads with differing I/O behavior [3]. The

presence of workflows in HPC systems leads to changing I/O

intent during workflow execution. For instance, a piece of

data might be written by only one application and read-only

by another. These changes in intents (the “how” part) need

to be communicated to the storage system at runtime in a

distributed fashion. Finally, modern HPC environments contain

multiple storage systems with different characteristics [6].

These systems are often selected based on the characteristics

of I/O behavior within the workload.

The complexity of modern HPC workloads and storage

systems dictates the need for a new intent-management layer

that can help users define I/O intent in complex environments.

To reduce the complexity of defining I/O intent, we propose

a new set of intent APIs, called Mimir API, to systematically

extend the existing I/O interfaces used in HPC systems. The

main philosophy behind Mimir API is to provide context-

driven APIs at each layer of the software stack. These APIs

are mostly hidden from the end user and integrated into the

software stack by I/O library developers. This strategy enables

users to transparently pass I/O intent at the correct software

layer instead of defining them together with no contextual

organization. If we do not segregate the APIs we could create

an explosion of intent APIs, which would be harder for the



system to manage. For instance, we define parallel I/O-based

intent only at the MPI-IO layer and dataset-based intent

for HDF5 only. Therefore, if a workload uses HDF5 with

MPI-IO, both intents are defined at an appropriate level and

passed to the underlying storage system.

We developed the Mimir API to capture user I/O intents

at different workload levels and communicate those intents

to the underlying storage system. To make APIs more

practical, we provide the following features for the three main

stakeholders of the library: first, for HPC users, a collection

of tools to extract user I/O intent automatically; second, for

HPC storage software, Mimir infrastructure and adaptors

to cohesively interface with the existing software stack and

capture intents with low overhead and high throughput; third,

for storage-system designers, a collection of use cases that

illustrate the use of intent within modern storage systems.

To demonstrate the benefits and applicability of the Mimir

API, we built a hierarchical cache prototype that uses I/O

intent to perform I/O optimizations for the workload. Finally,

the evaluations demonstrate that the Mimir infrastructure

can achieve a high throughput of 400M ops/s for managing

intents and accelerate Pegasus [11] workflows by up to 5×

better performance. The key contributions of this work are

1) Design of Mimir API for capturing intents for different

I/O interfaces, job configurations, software stacks, and data

used in HPC workloads;

2) Design of Mimir infrastructure for efficiently defining,

passing, and managing intents for HPC workloads; and

3) Demonstration through use cases of how I/O intents can

benefit modern storage systems.

II. BACKGROUND AND RELATED WORK

In the last decade, data-intensive HPC workloads have

significantly diversified from applications in cloud environ-

ments [10]. The primary examples of these workloads are

high-performance data analytics and AI. These workloads

often support traditional simulations to increase the accu-

racy or reduce the cost of modeling within the simulation

workloads [12]. This diversification of workloads in HPC

environments has resulted in diversification of user I/O intent

and highly configurable storage-software stacks.

A. Diversity of User Intent for I/O

Modern high-performance data-analytics workloads

perform embarrassingly parallel algorithms to access and

perform data transformations [13]. We demonstrate user intent

for some of the popular workloads in HPC from analytics,

artificial intelligence, and multistage workflows. More than

the “why” (which provides contextual information), we focus

on the “how”, as it describes I/O behavior.

The common I/O intent of these workloads is that they

iteratively traverse the data to converge on a solution for

their respective analytical algorithms. A key difference in the

I/O intent of these workloads is that the data they consume

are accessed with different I/O semantics. For example,

BD-CATS [14] operates on a shared HDF5 file using MPI-IO

semantics; KMeans [15] reads points from files, often

divided by the number of tasks in the algorithm; and linear-

regression [16] models often consume large CSV data of

floating-point values. AI workloads consume different kinds

of large HDF5 datasets. In terms of I/O intent (the “why”

using “how”), CosmoFlow [17] wants to consume multiple

HDF5 files using MPI-IO semantics, as each file represents a

sample size of 32 MB. By contrast, Cosmic Tagger with UNet

(Cosmic Tagger) [18] and distributed flood-filling networks

(DFFNs) [19] want to consume large HDF5 files using h5py

APIs and stripe the file in memory. Finally, we look at

large-scale workflows such as Multiscale Machine-Learned

Modeling Infrastructure [20] (MuMMI), Montage [11], and

1000 Genomes [21] workflows. These contain multistep

applications with a collection of simulation, analysis, and AI

stages. These workflows contain several unique I/O intents.

First, the intent of I/O changes as the workflow goes through

different stages. During the simulation stage of MuMMI,

for instance, the application generates checkpoints using

write-heavy I/O operations; whereas during the AI stage, the

workload trains the AI model on the simulation data over

several epochs using an iterative read pattern.

As shown above, the diversity of workloads diversifies

I/O intent and makes it more dynamic during a workload’s

lifetime. This diverse I/O intent dictates the need for a new

intent infrastructure that transmits user intent to storage to

enable workload-aware I/O optimizations.

B. Configurability of HPC storage-software stacks

The storage-software stack provides user-level

configurations to support workload diversity and often directly

affects the performance of workloads on HPC systems [12].

This section explores user-level configurations present in

parallel file systems (PFS) and middleware-I/O libraries.

In the case of PFS, each software solution provides a

configuration based on its architecture. For example, a) GPFS

allows users to configure the ROMIO driver to optimize

for independent data accesses [22]; b) the Intel MPI-IO

enables applications to select the number of aggregators and

limit the number of processes for collective buffering [23];

and c) the DAOS storage system enables users to configure

multiple tiers of storage and page-cache size [24], [25]. In

the case of middleware-I/O libraries, each library provides

optimization-specific parameters for users to set to optimize

I/O for their workload—for example, buffering I/O middleware

software [6], [7] allows configuration of parameters such as

the buffer size of tiered buffering resources, placement policy,

element eviction policies, etc. The main drawback of this con-

figurability is that, currently, users have to manually configure

the storage system for their workload. Some recent autotuning

work [4], [26] aims to explore this configuration space based

on extracted behavior. These works do not use a standard set

of characteristics as proposed by Mimir APIs. In this context,

we propose a change in the paradigm, so that users define

their I/O intent (the “how” part) and storage systems configure

themselves (even with autotuning) according to the intent
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Figure 1: At the core of the high-level view of the system, we

enable intent capturing and storing using the Mimir library that

defines a collection of APIs, along with a management layer

for user intent. We define a collection of adaptors to enable

transparent integration with existing software for user intent.

provided. This would complement many middleware solutions,

such as ADIOS XML and Hermes Configurator, as they can

now define intents that will be converted into configurations

as required by these libraries.

III. MIMIR

Enabling user intent within the HPC software stack requires

software support at all layers of the I/O stack. To capture

these user intents, we present the Mimir library to define APIs

and management routines within the system. To automate the

capture of intent for user convenience, we extend the Vani

tool suite [5] by offering a collection of tools for extraction

of I/O intent from user workloads. Additionally, for cohesive

integration of user intent within existing system software, we

propose a collection of Mimir adaptors that extend existing I/O

interfaces and software to accommodate user intent without

additional software dependencies. Finally, we demonstrate a

collection of use cases to assist system designers in enabling

user intent as part of the system architecture. Through this

work, we envision a transformation in the modern HPC

software stack such that system software focuses on both I/O

interfaces and user intent to enable workload-aware optimiza-

tions for generalized storage-system software.

At a high level, the Mimir library is a system-level software

that consists of core intent-based APIs that capture user intent

in the system. This system view is depicted in Figure 1. The

Mimir API is defined for different entities in an HPC system.

Mimir API is defined for each layer of the software stack in

the context of a job running in an HPC system (Figure 1). An

entity is defined as hardware, software, and data component

in the system. At the scheduler level, we define the API to

capture allocation information such as the number of nodes,

memory per node, CPU/GPU cores per node, mounted storage

systems, and runtime bound for the job. Similarly, we define

the API for software elements such as workflow managers

(e.g., Pegasus [11] and MaestroWF [27]), I/O interfaces (e.g.,

HDF5 [28], MPI-IO [29], and POSIX), and even middleware

I/O libraries (e.g., UnifyFS [30], Hermes [6], and SCR [31]).

By segregating APIs for each software layer, we achieve the

principles of API modularity and separation of concern for

our system design for user intent. Internally, the Mimir library

contains a collection of management routines and efficient

data structures to simplify the adoption of the intent-based

ideology for storage-system software. Specifically, the library

handles the ingestion and searching of user intents within

the system, and the system software queries the library

for applying intent in real time. The library is designed

to share the runtime with the workload’s executable and

the storage-system client. This design enables the user to

transparently pass intents to the storage-system client.

As an example, intent is defined by the user and consumed

by the Mimir library through the APIs (Figure 1, arrow

1.). The intent is saved in process memory through efficient

data structures using the library IntentHandler routine called

store() (Figure 1, arrow 2.). The user then performs I/O

through system interfaces such as POSIX, which is captured

by the storage system (Figure 1, arrow 3.). The storage system,

in turn, queries the Mimir library for attached intent for an I/O

entity (Figure 1, arrow 4.). Examples of I/O entities are files,

objects, and write/read operations. The library retrieves all

intents attached to an I/O entity after resolving any storage-

specific conflicts. The storage system uses the resolved set of

intents and applies storage-system-specific optimizations or

configurations for the workload (Figure 1, arrow 5.).

Users have multiple mechanisms through which they can

define I/O intent in the workloads. At the lowest level, work-

loads can link to the Mimir library directly and pass user intent

with the application code. This linking is extremely flexible, as

users can configure different scopes of intent, set priorities, and

dynamically change I/O intent during an application’s runtime.

However, for existing applications, we recommend our Vani

tool suite to extract workload intent dynamically and pass it

to the software stack using the LD PRELOAD mechanism.

With this mechanism, users need not change any application

code, but they will have to profile their application and extract

the I/O intents using our tools. The intents will be applied by

the storage system globally, without fine-grained control over

the intent lifetime. For easy deployment as system software,

we provide a collection of adaptors that can be integrated

within existing I/O interfaces such as HDF5. Using the

adaptors, users need not include the Mimir library explicitly.

These three mechanisms cover many use cases that HPC users

can employ to express I/O intent to the underlying storage

system. Each approach has its merits; the selection would

depend on user preference or the HPC system’s deployment.

A. Mimir API

Mimir API is the core interface for defining I/O intent

within the system. We argue that distributed systems need a

richer semantics to express I/O intents than provided by the

fadvice API in POSIX. For performance and portability

across different types of workloads, the API is natively com-

piled as a shared library written in C++ with extensions to

C, Python, and bash programming languages. The API is a

facade that passes intents to IntentHandler.



1. int main(int argc, char* argv[]) { 
2.      /* init program structures*/ 

3.      ... 

4.   using namespace mimir; 

5.      MimirHandler i_file_h1, i_file_h2; 
6.      FileIntent fi1(name="file.dat", type = INDEPENDENT_FILE, 

                     size_mb = 4.0, current_device = PFS, 

                     io_amount_mb = 4.0, write_dist._0_4KB = 1.0); 
7.     assert(file_begin(fi1, i_file_h1) == MIMIR_SUCCESS); 

8.     int fd = open("file.dat", O_WRONLY | O_CREAT, 0660); 

9.     for(int i = 0; i < 1024; ++i) { 
10.    assert(write(fd, write_buf, 4096) == 4096); 

11.     } 

12.     assert(close(fd) == 0); 
13.     /* Computations */ 

14.     ... 

15.     FileIntent fi2(name="file.dat", type = READ_ONLY, 
                      size_mb = 1024.0, current_device = PFS, 

                      io_amount_mb = 512.0, write_dist._1_4MB = 1.0); 

16.     assert(file_begin(fi2, i_file_h2) == MIMIR_SUCCESS); 

17.     int fd = open("file.dat", O_RDONLY); 
18.     for(int i = 0; i < 4; ++i) { 

19.    assert(read(fd, read_buf, 1048576) == 1048576); 

20.     } 
21.     assert(close(fd) == 0); 

22.     assert(file_end(i_file_h1) == MIMIR_SUCCESS); 

23.     assert(file_end(i_file_h2) == MIMIR_SUCCESS); 
24. } 

Figure 2: In this example for managing the intent scope, lines

8–10 see only file intent fi1, whereas lines 17–21 see both

fi2 and fi1 with fi2 at a higher priority than fi1.

1) API Semantics: In the library, Mimir Intent APIs are

defined under the mimir namespace to prevent conflicts in

APIs and easy extension to different languages. The APIs are

designed with epoch semantics to enable I/O intent at different

scopes of the application code. Here, each intent is active

within an epoch—that is, each intent has a begin: marking

the application of intent and an end: marking the removal of

intent within the system. For instance, we can apply file-level

intent to the whole application or just a couple of operations.

This way, users have complete flexibility to instruct the un-

derlying storage system. The user’s intent is defined based on

the entity of the system. If the user uses the LD PRELOAD

mechanism to load intents, they are applied at the start of

each application load and removed when the application exits.

This is achieved using GCC constructor and destructor for

the Mimir library. All intent structures are passed/maintained

within the system as a reference to ensure a minimal memory

footprint of intents. Each API call returns a handler that

maintains the state for the user to end the epoch at a later time.

2) Scope/Visibility: User intents are visible local to the

process and are stored in process-heap memory (to minimize

footprint) making it globally accessible by all threads of the

process. IntentHandler maintains the order of intent in

a last-in, first-out manner (implemented using a stack data

structure) to efficiently maintain scopes of different intents in

the system. We discuss an example of POSIX code (Figure 2)

where the application opens a file, writes the data, and then

reads the data back with a different granularity of I/O. The user

marks the file access as Independent using lines 6–7. There-

fore, all I/O operations on file.dat see the file intent fi1 and

the storage system knows that the user is performing I/O with

*.txt *.tar.gz*.tar.gz *.vcf

Individuals PrefetchingFrequency Merge

Hermes-Core 

(HC)
1000-genome

HermesPegasus

LSFJob Intent: 
# nodes, memory allocated

Software Intent:
P: {task-data map}

H: {buffers, # cores}

Workflow Intent:
HC: {prefetching policy}

App Intent:
Individual{RAW FPP}

Frequency(RO FPP)

Merge {RAW Shared}

Prefetching {RO FPP}

Data Intent:
txt: {100GB}

tar.gz: {30GB}

vcf: {20GB}

using namespace mimir;

job_begin (job, h1);

software_begin(pegasus, h2);

software_begin(hermes, h3);

workflow_begin(genome, h4);

workflow_begin(hermes-c, h5);

app_begin(individual, h6);

app_begin(frequency, h7);

app_begin(merge, h8);

app_begin(prefetch_hc, h9);

data_begin(txt, h10);

data_begin(tar, h11);

data_begin(vcf, h12);

1

2

3

4

5

Figure 3: At each level of the software stack, we capture the

user’s I/O intents and compound them for the storage system.

Generally, closer to the applications, users have more high-

level logic in their applications, whereas lower down on the

stack this information becomes closer to the bytes written/read.

4KB granularity and the total amount of I/O. The application

subsequently reads the file back at a later point. Here, the user

defines an intention to only read the complete file with 1MB

granularity (line 15–16 file intent fi2). Here, all operations

performed between lines 17–21 see the file intent fi2 first and

then fi1 next. If the storage system that implements these file

intents marks that it has a conflict between read-only intents

and independent intents, then IntentHandler will priori-

tize fi2 over fi1, as it has closer scope toward the operations

in lines 17–21. When the file system sees fi2, it can apply

prefetching optimization with correct stride and count (1MB

and 1024 respectively) to match the reading by the application.

Finally, the user can define a custom priority of intents in the

system for use in the conflict-resolution algorithm.

3) Multilevel example of using Mimir API: The Mimir API,

defined for each software-stack level, can be combined into a

comprehensive intent-configuration file. All intents are applied

in the scope of a job allocated in an HPC system. We present

an illustrative example of a multistep workflow running on

the HPC system (Figure 3). At the highest level, we have

the resources allocated by a scheduler such as Slurm [32] or

Flux [33]. Here, the intent APIs capture the job’s intent, such

as number of allocated nodes, amount of memory allocated per

node, number of GPUs allocated per node, number of CPUs

allocated per node, type of network (IB/TCP), node-local burst

buffer (mount point, controller, and block size), parallel file

system (mount point, stripe size, and stripe count), and total

job time. Once the job is allocated, the workload executes the

Pegasus workflow manager (PWM) [34] with Hermes [6] (us-

ing LD PRELOAD) at level 2. Here we can capture intent for

software such as PWM and Hermes (e.g., PWM:task-data map

describing the dependency of task and dataset, job-aggregator

describing the job which can act as process aggregators in the

workflow, data-configuration, num tasks deployed on the sys-

tem, num tasks per node deployed on the system, and scratch

dir, Hermes:number of buffers, buffer capacities, block size,

block count, cores per node required, and RPC threads). Sim-

ilarly, at level 3, where the workflow executes, we can capture

domain-specific information from the 1000-genome workflow,

such as the length of genome sequences accessed, number of



samples, dataset size, number of populations to be sequenced,

and population size. This domain-specific information is one

of the instances of high-level intents defined by the user. This

information can be utilized in the storage system to predict the

amount of I/O expected, format to be utilized to store this in-

formation based on data type [35], or compression algorithm to

be used based on data type [7]. At level 4, we have individual

applications executed over the allocated resources. Each ap-

plication has its I/O pattern with a file at level 5. For instance,

the Individual app accesses a collection of text files with a

read-after-write behavior, file-per-process pattern, small 4KB

transfer size, and POSIX interface. Also, the Hermes core

employs prefetching threads that load all tar files required by

the node with large transfer sizes of 1MB shared across all

Hermes cores. At each level, we have a utility (executable or

library) that automatically extracts or captures through APIs

the user intents and builds a JSON file with them. The storage

system loads this JSON file during client initialization.

In this example, we have high-level I/O intents that need to

be passed by the user and others that can be extracted using I/O

calls directly. The I/O intents that can be extracted directly are

extremely useful in making this work practical. However, the

user or system must pass high-level intents using Mimir APIs.

Examples of high-level intents are scheduler job intents that

are provided in the job script, such as the number of nodes, and

memory allocated, or by the batch scheduler, such as node-

local burst buffer mount point, parallel file system mount point,

and network characteristics of compute nodes. These intents

are vital for storage systems to determine the optimization

parameters such as buffer capacities, number of inter-node

threads for handling workload scale, and the presence of node-

local devices for increasing buffering resources. Additionally,

this information can be used by middleware I/O libraries such

as UnifyFS and Hermes to determine the number of cores

per node needed for handling workload scale and allocated

node-local devices. Once these middleware libraries use this

information, they pass on their allocated information as I/O

intents to the storage system, which can then look at all the

intents to calculate the overall resources allocated by them.

Similarly, intents from PWM, such as task-data relationships,

are very hard to capture directly from I/O calls [36] but are

vital to capture producer-consumer patterns so that the storage

system can employ caching optimizations.

B. Intent infrastructure

Within the Mimir library, IntentHandler is the

critical component for intent infrastructure and management.

IntentHandler isolates different intents within the system

based on entity type. Within POSIX, intents are defined

as integers with no other information. This is insufficient

as we saw in the Mimir APIs. The IntentHandler

manages a global list of intents with many attributes within

a singleton instance, local to the process. Its algorithmic

design prioritizes retrieval operations over store operations,

as we expect users to define/undefine intent once, but the

storage system will retrieve them multiple times, depending

on the process/thread. At a high level, IntentHandler

has two primary responsibilities: a) store and find intents—a

fundamental task of storing intents from users and retrieving

them for the storage system, and b) conflict management

for intents—a particular task that storage systems can use

to identify intent conflicts before applying them. Essentially,

conflicts for each entity and intent type are added during the

startup of the storage system and resolved at runtime based

on user intents. For each of these responsibilities, we next

discuss the internal data structure and algorithm employed

for efficient management of intents within the system.

1) Storing and finding intents: Intents are stored in mem-

ory using an unordered map of entity to an ordered set of

intents (i.e., unordered_map<EntityKey, set<Intent>*>). As

the intents are global within a process, inter-thread write access

requires thread-safe implementation of the data structures. By

default, this locking is disabled within the library and can be

enabled based on client access patterns. The complexity of

store operation within the handler is O(log(N)), where N is

the number of intents on a given entity. This is because of

the insert operation stores the intents in decreasing order of

priority. However, the complexity of the find operation within

the handler is O(1), due to the unordered_map lookup.

2) Storing and resolving intent conflicts: Conflicts between

intents are defined once by the storage system based on

the implementation of intents within the system. These

conflicts are stored in memory using unordered_map of

intent to an ordered set of intents. As in the management of

intents, conflicts are stored globally within a process with

similar performance characteristics. The complexity of adding

conflicts within the handler is O(log(N)), where N is the

number of conflicts on a given intent due to insert operation.

By contrast, the complexity of resolving conflicts is O(N),
where N is the number of conflicts on a given intent, based

on iteration over all the conflicts in a given intent.

C. Mimir adaptors

Mimir adaptors are transparent mechanisms to integrate

intent within the existing software stack, enabling existing I/O

software like HDF5 or MPI-IO to expose intent-based APIs

that allow users to interact with only one interface (i.e., their

traditional I/O interface) and use Mimir implicitly behind the

scenes. Mimir acts as a middleman to ease communication

between the user and the storage system. Mimir does not apply

the intent provided by the user, but only passes it efficiently

to the underlying storage system. We provide a working

example of the flow of data and intent within a system using

Mimir adaptors (Figure 4). The application creates a new

HDF5 file and passes a file-access property called H5P_FPP

for file-per-process (FPP) intent. This property is created as a

part of the Mimir adaptor integration within HDF5. Internally,

the Mimir adaptor is implemented as an HDF5 virtual object

layer (VOL) which applies/removes intents and calls the

native HDF5 call (HDF5 in the figure). The VOL first stores

the intent on the Mimir library using the Mimir API and then

invokes storage-system APIs to create the HDF5 file. On
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Figure 4: The application, through HDF5 Adaptor, transpar-

ently performs both I/O and intent operation (using Adaptor)

in its VOL layer. The storage system queries the Mimir library

in a decoupled way and applies intent-based optimizations.

receiving file creation requests, the storage system queries the

Mimir library to check if the intent is present in the system.

As the system finds the FPP intent, it redirects the I/O to

shared memory (arrow 10) and returns to the application.

The application now performs a write operation on the file

id returned from the HDF5 library, which is automatically

redirected to shared memory (arrow 13). Once the application

finishes the I/O, it calls H5Fclose API, which internally ends

the intent epoch for the file using the Mimir API (arrow 19).

This example demonstrates how a simple FPP intent from

the application can result in I/O optimization using shared

memory for a file within the storage system.

D. Automatic extraction of intents

User intents (especially the “how”) can be automatically

extracted using an extension to the Vani tool suite [5]. Previ-

ously, the Vani tool focused on characterizing I/O behavior in

workflows. In this work, we extended Vani to extract entity-

level I/O intent and include other entities in the system, such

as the job, software stack, and data. This extension to Vani

enables capturing the behaviors of the batch scheduler, dif-

ferent scopes of the workflow (application, processes, threads,

and I/O phase), middleware libraries, high-level I/O libraries,

and storage system software such as burst buffers and parallel

file systems, and finally, data itself as a whole or individual

file/object characteristics. We aggregate the characteristics of

different entities into simple high-level I/O intents such as FPP

patterns, collective I/O patterns, temporary file access patterns,

and stage-in/stage-out patterns. The extended suite consists of

JobUtility and Analyzer tools that extract information

from the workloads and build a JSON file of user intents. We

attach a Recorder profiler [37] during the workload execution,

which traces the workload for CPU function calls, GPU func-

tion calls, MPI communication calls, and multilevel I/O infor-

mation. After workload execution, we run our JobUtility

tool to extract job intent (e.g., the total number of nodes and

number of CPU and GPU cores allocated per node) and data

intent (e.g., number of files in the dataset, format of files

in the dataset, and size of each file). Recorder and utility

logs are collected and stored in a global file system such as

GPFS. After job execution, we use the Analyzer in the tool

suite to convert the Recorder logs into Parquet format. This

is necessary because Recorder logs are in row-major format,

and filtering and aggregation operations in memory are highly

inefficient for this format. The parquet file stores the trace

data in a column-major format that can be processed using

the DASK tool in an out-of-core fashion [38]. Also, the DASK

library is used within the Analyzer to extract the workload’s

user intent and generate a JSON file of all user intents.

E. Use cases

Through Mimir, we want to encourage system designers to

think about I/O in the context of the captured user I/O intent.

We present several theoretical use cases to help system design-

ers build I/O and intent APIs cohesively in the system. In these

use cases, we commonly ask users to define “intent” (i.e., how

they perform I/O) and not “storage configuration” (i.e., how

they should configure storage for their I/O). In all cases, we

observe that we can infer configuration based on the intent

supplied by the user. To cover a wide range of system de-

signers working on different software-stack layers, we present

use cases of software examples from high-level I/O libraries,

low-level I/O interfaces, and state-of-the-art middleware I/O

libraries. These use cases may help guide designers to extend

existing I/O software to incorporate user intent cohesively.

1) High-level I/O libraries (MPI-IO and HDF5): For MPI-

IO, user intent such as read-only file access, collective access-

pattern information (aggregators, granularity, and strides),

processes participating in collective I/O, the synchronicity

of operations, buffers allocated, aggregators assigned, data

properties (types, memory layout, serializations, etc.), and

transfer size distribution information can help the library

define parallel-I/O semantics efficiently. For instance, MPI-IO

can disable file-locking semantics internally [22] when users

specify access to read-only files. With this optimization, the

storage system doesn’t maintain expensive locks for cases

with no conflicts. As another example, the MPI-IO library can

optimize GPFS based on collective access-pattern information

by auto-configuring GPFS for data-sieving optimization

(i.e., romio_ds_write or romio_ds_read). This

optimization can reduce random access to the file by reading

large continuous chunks and discarding unwanted data in

memory. The storage system can control the tradeoff between

the amount of access I/O and PFS bandwidth with access-

pattern information from the user. For HDF5 [39], user intent

such as memory layout of the dataset (row/column major),

chunking information (size, cache, and stride), file access

patterns (sequential/random, stride, and count), distribution

of values in datasets (i.e., uniform/gamma/normal), storage

layout (contiguous or chunked), and metadata ops vs. data

ops can help the library define scientific I/O-level semantics

for the storage system. For instance, HDF5 can perform

data sieving and read-ahead optimizations on the file by

using the memory-layout information of the dataset [40].

This information will enable the whole data to be brought



proactively by the storage system, as it knows that HDF5 will

perform all the I/O defined by the hyperslab [41]. Another

example is the HDF5 library, which can configure Lustre FS

based on chunking information [40]. Additionally, chunking

granularity can define cache line size by optimizing libraries

such as Hermes to build an efficient cache for HDF5 files.

Finally, information about user query behavior vs. data

operations can enable the restructuring of the HDF5 file

effectively—for example, by splitting the HDF5 metadata and

data and cache metadata information to optimize its access.

For HDF5 using MPI-IO-VFD can combine I/O intents from

both layers for the storage system. For instance, collective

I/O semantics from MPI-IO and chunking information from

HDF5 can accurately inform the storage system about the data

access pattern to be expected from the workload. This is a

hard problem to solve as the I/O calls issued by high-level I/O

libraries often do not match the I/O pattern seen by the storage

system. Another example of using intents between layers is

that if the HDF5 file was accessed in read-only mode, then

MPI-IO can disable file-locking semantics internally. This will

inform the storage system to use lock-free file access on the

servers as the HDF5 file has only read-only file access.

2) Low-level I/O interface (POSIX): For POSIX, users

can provide file-level intents such as a file-per-process file,

producer-consumer file, file access patterns (sequential/ran-

dom/stride and count), file sharing pattern (e.g., shared file

pointer), metadata vs. data operations, and write-only file to

describe the access intent of the file to the file system. For

instance, if a file is accessed only by a single process (i.e.,

FPP), the POSIX interface can buffer the file in the local

node to increase the bandwidth of the I/O operations. This

intent implementation [6] requires the status and capacity of

current buffers in the node, which the storage system can

acquire from job configuration-level intent. Another example

is that if a file is accessed in a shared mode by a collection of

producers and consumers, we could utilize distributed cache

such as Hermes [6], PDC [42], and UnifyFS [30] to employ

node-local devices for caching and sharing using RDMA [43]

communication semantics. Finally, in the case of write-only

file access, we can perform asynchronous writes without the

need for consistency checks and ensure write completion dur-

ing the exit of the application only. This optimization is often

used to overlap compute with I/O within the application, but

the intent can enable this optimization for the storage system.

3) Middleware I/O libraries (Hermes and UnifyFS): For

Hermes [6], users can provide the buffers types (NVRAM,

NVMe, and memory) and the Hermes data-access pattern

(non-mutatable, compaction, and data-migration between

processes and nodes) to enable the file system to understand

I/O transformations performed by Hermes. In the context

of Hermes, the size and mount point of available buffers in

the system can help Hermes pre-allocate buffers used for

optimizing I/O operations for the workload. In the storage-

system context, Hermes collects multiple application requests

into larger buffers and flushes asynchronously to the parallel

file system. This information on data-access patterns from

Hermes can assist the storage system in correctly optimizing

the workload. A similar use case exists for UnifyFS [30], in

which users can define read/write patterns (e.g., node-local

data sharing and read-only accesses), enabling UnifyFS to

use the appropriate consistency semantics for I/O. UnifyFS

shows that loosening consistency semantics, when possible,

helps improve I/O performance for the workloads [44].
IV. EVALUATION

To evaluate the benefit of managing user intent, we perform

comprehensive experiments to test the internal capabilities of

the Mimir infrastructure. We build a prototype hierarchical

storage cache over a parallel file system (PFS) to demonstrate

the potential impact of passing user intent to storage software.

We implemented this prototype because no modern storage

systems or middleware libraries support intent-based auto-

configuration. In this evaluation, we use GPFS as the baseline

PFS, then use our prototype hierarchical cache without Mimir

(HC in figures), and finally our prototype enhanced with

Mimir Intents (HC-M in figures). Using this hierarchical

cache w/wo Mimir, we evaluate the benefit of passing I/O

intents for different workloads using our micro-benchmark.

Finally, to demonstrate the use of the complete system under

large-scale workflows, we evaluate Mimir with complex

workflows such as Montage and 1000-genome with PWM on

a large-scale HPC system. We run these tests five times. The

variance in the data is noted in the figures.
1) Hardware: We run the workloads on the Lassen

supercomputer at Lawrence Livermore National Laboratory

(LLNL) [45]. A 23-petaflop IBM Power9 system consists of

795 nodes connected with a Mellanox 100 Gb/s enhanced

data rate (EDR) InfiniBand network, and a 24 PiB IBM

Spectrum Scale file system (also known as GPFS). Individual

Lassen nodes consist of two IBM POWER9 CPUs (IBM

AC922 servers) with 256GB of system memory and four

Nvidia Volta V100 GPUs with 64GB of HBM2 memory.
2) Implementation of a hierarchical cache: The cache

works as a middleware library with a client that attaches to the

executing processes through LD PRELOAD and a distributed

server that is deployed along with the PWM’s pegasus-mpi-

cluster module. The cache unifies node-local devices using

RPC over RDMA protocol employed by thallium-rpc. The

cache supports multiple hierarchical storage accelerators

such as memory, node-local burst buffers, and shared burst

buffers. For Lassen, we use two storage accelerator layers

(i.e. the shared memory (/dev/shm) and local tempfs (/tmp)),

backed by the GPFS as the final flushing destination. The

cache configures its placement policy, cache-eviction policy,

and prefetching schemes based on the user intent passed

using Mimir. Specifically, it supports the following four

optimizations. First, FPP user intent: The hierarchical cache

utilizes node-local devices. Second, Producer/consumer (PC)

/ Shared-file user intent: The hierarchical cache uses a shared

cache layer over node-local devices with RPC communication.

Third, Read-only (RO) / Input File (IF) user intent: The

hierarchical cache preloads the files asynchronously into node-

local devices at the process initialization. Finally, Temporary
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Figure 5: For the Mimir infrastructure prioritizing find oper-

ations over store operations results in 2× more performance

for retrieval operations.

File (TF) user intent: The hierarchical cache evicts the file’s

cache line on the intent’s epoch end. For evaluations, the

cache consists of a client and a server. The server is loaded

along with the pegasus-mpi-cluster job, which spawns and co-

ordinates workflow processes in the workflow. By contrast, the

client is loaded with the workflow processes that perform I/O.

3) Workloads: We use micro-benchmarks to showcase

different performance metrics on the designed components.

Additionally, we employ two scientific HPC workflows using

PWM, Montage (a mosaics-building tool used in astrophysics),

and 1000 genome (a workflow that identifies mutational

overlaps to find potential disease-related mutations).

4) Tools: We use the Vani tool suite to automatically extract

user intent from Pegasus workflows.The tool is used with both

workflows to extract user intent automatically at multiple lev-

els of the software stack associated with a job and is stored in

a JSON. This JSON file is loaded during pegasus-mpi-cluster

job initialization within the workflow. When the workflow pro-

cesses perform I/O, our hierarchical cache captures I/O calls

and redirects them to the cache server for applying user intent.

A. Performance of Mimir infrastrasture

The Mimir infrastructure is responsible for managing

user intent within the system. It comprises standard routines

that enable efficient exchange of intent between the user

and storage system. To evaluate its effectiveness, we test

the relative cost of operations within the system to observe

the time complexity of routines within the infrastructure.

Additionally, we measure the overall throughput of operations

in the infrastructure to ensure it is not a bottleneck in modern

HPC systems. In all these tests, we observe a memory

footprint of 6.84 KB per node on the Lassen supercomputer

with thousands of intents stored by the Mimir library.

1) Anatomy of managing intents: To ensure that search

operations are significantly more than store operations, we

create a micro-benchmark that runs on 32 compute nodes

with 40 processes on each node. Each process performs a

million operations of every routine supported by the Mimir

infrastructure. We calculate the relative cost of each operation

on the system and plot a pie chart (shown in Figure 5(a)).

We observe that initialization (init in the figure) is the

least-expensive operation, due to the use of the singleton

pattern for IntentHandler. Storing intents (store())

and adding conflicts (add_conflicts()) into the system

has the most cost, because we store the intent in order of

priority (with Olog(N) complexity). The find operation

(find()), which is the most frequently used in the system,

has a low cost (2.25× faster than the store() operation).

Finally, we see that the cost of resolving conflicts in the

system is more because the complexity is O(N). Here, we

test a million conflicts, which is why the cost is high. For

our real workflows, the N is in the tens scale which makes

the cost of resolving conflicts close to find() operations.

2) Performance of intent operations: To ensure the Mimir

infrastructure does not bottleneck modern storage systems,

we create a micro-benchmark that measures the throughput

of operations supported in Mimir infrastructures. We run our

micro-benchmark on multiple nodes using weak scaling on

4, 8, 16, and 32 nodes with 40 processes per node to test

this performance. The benchmark performs 10K operations

per process, and we calculate the overall parallel throughput

of the system. The results are shown in Figure 5(b). The

x-axis depicts different workload scales for each operation.

The y-axis shows the throughput in operations per second.

We see that all operations scale well as we increase the

number of processes, because intents are stored locally to the

process. We also observe that the find- and resolve-conflicts

operations achieve a maximum of 370-390M Ops/s and the

store- and add-conflicts operations achieve 165M Ops/s. This

throughput suggests that Mimir infrastructure will not become

a bottleneck for storage systems and user applications, as

I/O operations achieve throughput in thousands ops/sec for

node-local burst buffers (the fastest storage accelerators).

B. Effects of intent-aware optimizations

HPC workloads contain different intents for each file/opera-

tion within the system. To understand the effects of optimizing

I/O based on intents, our micro-benchmark isolates different

cases of user intents and measures the effects of optimization

on I/O calls. We demonstrate three main use cases prominent

in HPC workloads: a) a file-per-process intent, in which every

process performs a read-after-write access pattern on its own

file, b) a producer-consumer intent, in which half the processes

write data and the other half reads the data, and c) a read-

only intent, in which every process reads an existing file from

the parallel file system. For each case, the baseline runs the

micro-benchmark over GPFS and the optimized case runs

the micro-benchmark with our hierarchical cache, which has

access to node-local shared memory and tempfs. In these

tests, each process in the benchmark performs 100, 1K, 10K,

and 100K I/O operations with a transfer size of 4KB with

160 processes (on four nodes). The x-axis shows the total

number of operations performed; the y-axis shows aggregate

I/O bandwidth achieved across all ranks in GB/s.

1) File-per-process intent: We observe a steady bandwidth

of 56GB/s for writes and 21GB/s for reads from GPFS as we

increase the number of ops (Figure 6(a)). This high bandwidth

for writes is because OS caches the writes and asynchronously

moves them to the PFS. However, as we do more I/O beyond
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Figure 6: Passing I/O intents to HC can optimize I/O by 1.2×–4×. Additionally, the variance in I/O performance is lower than

PFS because the HC uses node-local devices that are not affected by other jobs in the system.

the size of the OS cache, the write cache is eventually thrashed

and therefore the reads suffer in performance. In the case

of our hierarchical cache (HC), we notice the improvement

in performance is about 10-15% when we do not use Mimir

Intents. This is because GPFS performs aggressive caching

already and therefore a custom cache with LRU evictions can

maximize the usage of cache but is limited. However, when

we pass I/O intents to our HC (HC-M), the cache now knows

that this file will be read back, it maintains the cache till the

read operation executes, rendering the speedup on reading

operations much higher. Specifically, we can get up to 1.22×

speedup on write operations and 4× on reading operations if

we instruct the HC about independent files using Mimir.

2) Producer/consumer intent: We observe an increase in

bandwidth of I/O operations for GPFS as we increase the

number of operations (Figure 6(b)). Specifically, we see that

on the GPFS, the write bandwidth increases from 160MB/s

to 33GB/s and the read bandwidth increases from 6GB/s to

48GB/s. Again similar to the previous case, HC improves the

I/O performance by 8-12% without having the knowledge of

intents. This is because the consistent hashing algorithm within

HC is not aware of which processes will consume the data.

When we pass I/O intents to HC, with more operations, the

benefit of a write cache helps the benchmark, and hence it

gets to around 73GB/s for 100000 ops. The same is true for

read operations. This write-read bandwidth is achieved owing

to the locality-aware hashing algorithm used within the HC

by using I/O intents (HC-M) to distribute data into the four

nodes. Thus most operations are close to the reader process.

The HC using PC intent can optimize write operations up to

2.3× and read operations by 1.34–2.1×.

3) Read-only intent: We observe a steady bandwidth

of 27GB/s from the GPFS as we increase the number of

operations (Figure 6(c)). For HC, the data is prefetched

on the opening of the file. This enables 25% of the reads

to be from memory. However, when we pass I/O intents,

HC asynchronously prefetches the file in memory during

application startup. This early prefetching allows 80% of

the I/O operations to occur from memory directly. As we

increase the operations on the file, the benefit of passing I/O

intents on HC increases. This increase rises till the memory

bandwidth saturates at around 63GB/s. The I/O intent can

accelerate the optimization through HC by 2.33×.

In all these cases we use Vani tool suite to extract I/O intents

from the benchmark run. Here, we tested passing incorrect

intents to the benchmark. The side-effect of incorrect intents

resulted in up to 20% performance degradation than the ideal

case as described in these cases above. This is because even

though the I/O intents are wrong, the HC still places them in a

faster tier (though non-optimally). This results in improvement

over GPFS but not as fast as it can be.

C. Complex multistage workflow performance

We evaluate the concept of user intent through Mimir

infrastructure on complex HPC workflows. Specifically, we

evaluate the Montage and 1000 genome with PWM and run

over GPFS as the baseline. We trace the workflows and extract

user-intent information in JSON format for the optimized

version. In these tests, we measure the I/O cost per file, which

is categorized into read-only, FPP, and producer/consumer

files. Additionally, we include “other” to signify cases that

do not fall under these optimizations.

1) Montage: The Montage mosaic engine is used to trans-

form all images in the surveys to a common pixel scale of

one second or arc, where all the pixels are coregistered on

the sky and represented in galactic coordinates and Cartesian

projection. The output of this workflow covers 10◦ of the sky

along with the galactic plan, where each mosaic image is 5◦

by 5◦ in size and has an overlap of 1◦ with neighboring tiles.

The workflow uses nine kernels of the mosaic engine in a

complex workflow to build these patches of sky. We run the

Montage workflow with Pegasus over GPFS.

In this case, we have extracted I/O intents from the PWM

and individual applications. From the PWM, we extract the

process-task dependency that provides a DAG, the number of

tasks (6039 processes), tasks per node (40), data configuration

(shared file system), and scratch dir location (/p/gpfs1). From

the individual applications, we have information about process

distribution between apps with maximum processes for the

mDiff application (i.e. 5209 processes). Additionally, we have

the distribution of I/O between apps, with mViewer producing

the largest file of 1.5GB but based on the distribution of I/O

time shows that the workflow spends 90% of I/O time in

reading/writing intermediate files. Finally, we have low-level

intents present for each file produced/accessed per process

as a map to guide data placement with the HC. These I/O

intents are utilized along with high-level I/O intents such

as 7% of read-only files, 12% of independent writes, 70%

shared access on files, scheduler resource allocation (32 nodes
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Figure 7: Montage workflow using Pegasus is optimized using

the HC with intents by 2.7×-3× for producer/consumer, 2.2×

for file-per-process, and 1.8× for read-only files.

with 40 process per node), and PWM’s process-data map

to optimize the workflow in our HC. Specifically, the HC

combines the process-data map with file-level characteristics

to determine which file should be placed on which storage

system layer (shared memory, burst buffer, or GPFS).

We see performance improvement, because the amount of

work is the same as we increase the number of nodes in both

PFS and optimized case (Figure 7). The HC optimizes this

workflow by 3-7% due to the better use of aggregate shared

memory across all nodes. However, the performance of HC

is limited due to cache thrashing as it is not aware of the

workload’s I/O intent. When we pass I/O intents to the HC

(HC-M in the figure) we see that we can get better performance

for the workflow. This is because HC using intents identifies

how it should optimize each type of file within the system

appropriately. Specifically, using I/O intents, HC optimizes

2.7×–3× on producer/consumer files, 2.2× on FPP files, and

1.8× on read-only files. Overall, the workflow achieves 1.8×

better performance by passing I/O intents to HC.

2) 1000 Genomes: The 1000 Genomes with PWM project

provides a reference for human variation, using the recon-

structed genomes of 2,504 individuals across 26 different pop-

ulations to energize these approaches. This workflow identifies

mutational overlaps using data from the 1000 Genomes project

to provide a null distribution for rigorous statistical evaluation

of potential disease-related mutations. The workflow fetches,

parses, and analyzes the project data, cross-matching the

extracted data (which person has which mutations) with the

mutation’s sift score (how bad they the mutations are). It then

performs a few analyses, including plotting.

In this case, we have extracted I/O intents from the PWM

and individual applications. From the PWM, we extract the

process-task dependency that provides a DAG, the number of

tasks (1736 processes), tasks per node (40), data configuration

(shared file system), and scratch dir location (/p/gpfs1). From

the individual applications, we have information about process

distribution between different applications: individuals-1632,

frequency-62, mutation overlap-56, and others. Additionally,

we have the distribution of I/O between apps: individuals

perform 70TB and frequency perform 500GB of read/write

operations. In this workflow, the read operations dominate the

I/O (72TB of reads vs. 100GB of writes). Finally, we have low-
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Figure 8: Genome workflow is optimized using the hierarchical

cache by 2.7×–5× for producer/consumer files, 3.5× for file-

per-process files, and 2.3× for read-only files.

level intents present for each file produced/accessed per pro-

cess as a map to guide data placement with the HC. These I/O

intents are utilized along with high-level I/O intents such as

34% of read-only files, 34% of independent reads, 32% shared

access on files, scheduler resource allocation (32 nodes with 40

processes per node), and PWM’s process-data map to optimize

the workflow in our HC. Specifically, the HC combines the

process-data map with file-level characteristics to determine

which file should be placed on which storage system layer.

Our observations are similar to those in the Montage work-

flow, where we see improvement in performance because the

amount of work is the same as we increase the number of

nodes in both PFS and the HC (Figure 8). Similar to the pre-

vious case, the HC without I/O intents can only optimize the

workload by 12%. However, the HC with I/O intents optimizes

specific files based on user intent extracted and stored using

Mimir infrastructure. The workflow is optimized using the

cache by 2× for producer/consumer files, 3.5× for FPP files,

and 2.3× for read-only files. Overall, the workflow with Mimir

achieves 5× better performance over HC without Mimir.

V. CONCLUSION

In this work, we showcase the importance of I/O intents

across different data paths of a workload by evaluating the

hierarchical cache (HC) for a variety of workloads. We

demonstrate that with I/O intents we can achieve better per-

formance of 2.33× for read-only files, 4× for file-per-process

files, and 2.1× for producer/consumer patterns as compared

to an HC without I/O intents. Additionally, we demonstrate

that the Mimir infrastructure can manage intents with a high

throughput of 400 M Ops/s and low memory overhead of 7

KB/node. Finally, we showcase the impact of using I/O intents

for complex or large-scale workflows such as Montage and

1000 Genomes using the Pegasus workflow manager resulting

in up to 4× better I/O performance for the HPC workflows.
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