
HAL Id: hal-05271582
https://hal.science/hal-05271582v1

Submitted on 22 Sep 2025

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documentsmay come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaireHAL, est des-
tinée au dépôt et à la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
français ou étrangers, des laboratoires publics ou
privés.

Distributed under a Creative Commons CC BY 4.0 - Attribution - International License

I/O patterns modeling of HPC applications with call stacks
for predictive prefetch

Louis-Marie Nicolas, Salim Mimouni, Philippe Couvée, Jalil Boukhobza

To cite this version:
Louis-Marie Nicolas, Salim Mimouni, Philippe Couvée, Jalil Boukhobza. I/O patterns modeling of HPC appli-
cations with call stacks for predictive prefetch. Future Generation Computer Systems, 2026, 175, pp.108034.
⟨10.1016/j.future.2025.108034⟩. ⟨hal-05271582⟩

https://hal.science/hal-05271582v1
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr


Future Generation Computer Systems 175 (2026) 108034 

A
0

 

Contents lists available at ScienceDirect

Future Generation Computer Systems

journal homepage: www.elsevier.com/locate/fgcs  

I/O patterns modeling of HPC applications with call stacks for predictive 

prefetch
Louis-Marie Nicolas a,b , Salim Mimouni b , Philippe Couvée b , Jalil Boukhobza a,c ,∗

a Lab-STICC, CNRS UMR 6285, ENSTA, Institut Polytechnique de Paris, Brest, France
b Atos BDS R&D Data Management, Grenoble, France
c Institute of Information Science, Academia Sinica, Taipei, Taiwan

A R T I C L E  I N F O

Dataset link: https://github.com/ShinySilver/G
raph-Based-IO-Modeling-using-Call-Stacks

Keywords:
Predictive prefetch
I/O prediction
I/O modeling
I/O instrumentation
I/O call stacks
High performance computing
Storage systems

 A B S T R A C T

Modern high-performance computing (HPC) storage systems use heterogeneous storage technologies organized 
in tiers to find a compromise between capacity, performance, and cost. In these systems, prefetching is a 
common technique used to move the right data at the right moment from a slow to a fast tier to improve overall 
performance while using the costly high-performance tier only when needed. Effective prefetching requires 
precise knowledge of the application I/O patterns. This knowledge can be extracted through the source code, 
I/O tracing tools or I/O functions call stacks. State-of-the-art solutions based on the latter approach mainly 
focus on applications with regular I/O profiles to avoid scalability issues due to the grammar-based techniques 
used. In this paper, we present an approach based on I/O call stacks that models POSIX and STDIO I/O patterns 
for both regular and irregular applications, thanks to the use of directed graphs. We present different models 
usable for prefetching. Our models were used to predict the next I/O call stack on five real HPC applications 
with a prediction accuracy of up to 98%. Compared to the state-of-the-art Omnisc’IO, they incurred up to 120x 
lower model overhead (334 ns vs. 45 μs on LAMMPS) and had a model size 10x to 15x smaller (463 B vs. 7 
kB on LQCD).
1. Introduction

Multiple storage technologies are used in HPC systems. SSD and 
NVM are the fastest, but also the most expensive ones [1]. They are 
usually integrated as burst buffers or caches at the top of the storage 
hierarchy. HDDs are usually used as the main capacity storage medium. 
There is more than one order of magnitude difference in latency 
between the main memory of the compute nodes and the fast storage 
technology used (fast SSDs and NVM), and another order of magnitude 
between fast and capacity storage (HDD) [2].

To reduce this performance gap between storage and main memory, 
multiple techniques were proposed in the literature, amongst which 
can be found prefetching. Prefetching consists in moving files that 
are likely to be used in the near future from slower to faster storage 
devices or a compute node’s main memory early enough in order to 
accelerate future I/Os on these files. For example, such prefetchers are 
implemented in the Linux kernel [3,4].

One prerequisite for an efficient prefetching technique is knowledge 
about the I/O patterns of the application. This is especially important 
because HPC I/O patterns are not just reading at initialization, and 
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writing results and checkpoints [5]. Instead, reading and writing can 
be done thorough the whole duration of HPC applications [5], which 
makes the ability to efficiently and dynamically model I/O patterns 
necessary. The state-of-the-art work related to the extraction of I/O 
knowledge and prefetching techniques can be classified into 3 cate-
gories: (1) Studies of the first category obtain knowledge related to I/O 
patterns from the source code when available [6,7]. In this white box
approach, prefetching primitives can be inserted into the source code 
to load data that are about to be accessed at the right time. Although 
this approach guarantees that the right data are loaded on time, it 
makes the assumption that the source code is available and can be 
modified, which is rarely the case. (2) The second category of solutions 
considers applications as black boxes and relies solely on I/Os issued 
to make predictions. These solutions may deploy (sometimes costly) 
tracing tools [8–10] and use probabilistic models [11,12] or sometimes 
pattern matching techniques [13–16] to model and predict I/O be-
havior. Although these solutions do not require any prior knowledge 
about the application, they need to deploy some tracing techniques, 
and their predictions are not always accurate. (3) Studies from the last 
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category try to find a middle ground between the two first. They use 
a gray box approach to extract knowledge of applications from their 
intercepted call stacks to model I/O patterns. Several studies [17–19] 
compress this I/O call stack using the Sequitur [20] algorithm to form 
a grammar model used for predictions. We consider that application 
source code is often unavailable, which is why we do not focus on 
the white-box approach. Moreover, traditional black-box approaches 
either use traces that are expensive to produce and store [8], or use 
pattern matching whose prediction cost scales with the number of 
patterns [13], limiting the number of patterns that can be learned at the 
same time. Furthermore, state-of-the-art studies [17,18] have shown 
that call stack information could be used to predict I/Os, without the 
need to store traces through the use of a grammar model with only a 
few limitations. For these reasons, in this paper we focus on the use of 
a gray-box approach.

One of the main issues with state-of-the-art gray box approaches 
is that the compression algorithm encodes the I/O call stack sequence 
in a lossless way. This makes it possible for the whole I/O call stack 
sequence to be reproduced from the grammar model. Although, as jus-
tified in Omnisc’IO [17,18], this is relevant when modeling applications 
with regular, deterministic I/Os, this method shows its limits on appli-
cations with irregular I/Os. This is because the grammar would grow 
rapidly and the search for the right I/O to prefetch would be less accu-
rate and would last much longer. We observed that in some real HPC 
applications, state-of-the-art predictors could take more than 10 ms per 
I/O prediction for a poor accuracy (around 32% in some cases). 

In this paper, we aim at creating a fast, low-overhead application 
I/O prediction model with the ability to forecast, with good accuracy, 
the I/Os for both regular and irregular applications. For this sake, we 
present GrIOt, a Graph-based Modeling of I/O call stacks for Predictive 
Prefetch. We believe that being able to reproduce losslessly the I/O 
call stack sequence is not necessary to make accurate predictions. As 
a consequence, GrIOt relies on building directed graphs from I/O call 
stacks. In such a graph, each node consists of one (or a sequence of) 
I/O call stack(s), and each edge is a transition from one (or a sequence 
of) call stack(s) to another. The size of such a model scales primarily 
with the number of unique call stacks and subsets of call stacks but is 
not directly affected by the number of I/Os or by the regular nature 
of the application’s I/Os. While state-of-the-art models compress the 
entire call stack sequence into their models, our graph model only saves 
transitions, which makes it much more scalable.

Predicting the next I/O in the created graph consists in choosing 
amongst the outgoing edges of a node the one that is the most likely to 
be used by the application. To make this choice, we propose two simple 
heuristics: Most Recently Used Edge (MRU), and Most Frequently Used 
Edge (MFU).

In our previous work [21], GrIOt created one graph for each ap-
plication process. This design is limited to the prediction of the next 
I/Os of each application process, with no way to selectively predict the 
next I/Os of a specific file rather than making prediction for a whole 
process, which in case of interleaved I/Os can make predictions harder 
to use for prefetching.

In this paper, we show that instead of creating one model per 
application process, it is possible to create one model per opened file 
and to make prediction per file, which is more suitable as common 
prefetching algorithms run per file [11]. Moreover, this alternative 
granularity emphasizes file temporal and spatial locality, being able 
to predict the most recently or frequently used edge of a specific file 
rather than for the whole application process. Finally, in this paper, we 
characterize the call stack instrumentation methods and parameters in 
more depth than the existing literature.

Our contribution was evaluated on a real cluster with five state-of-
the-art HPC applications.

Depending on the heuristic or the modeling granularity selected, our 
models can offer a drastically reduced overhead up to 120x lower com-
pared to state-of-the-art OmniscIO [17,18] for a single I/O prediction, 
2 
Fig. 1. Representing the call stacks at different times on a simple application.

Fig. 2. Intercepting the call stacks of an I/O function.

while providing a similar or better I/O prediction accuracy of up to 
98% and a lower model size up to 100x smaller.

In the 2nd Section we introduce some basic concepts about call 
stacks and their instrumentation, then our contribution is described in 
the 3rd to 6th Sections. The 3rd Section is an overview of GrIOt. The 
4th Section presents how we trace I/Os and preprocess I/O call stacks, 
the 5th presents the GrIOt modeling algorithm, and the 6th presents 
the GrIOt prediction algorithm using heuristics. In the 7th Section, we 
evaluate the proposed strategy. At last, we present in the 8th Section 
some related work and then conclude.

2. Background on call stacks

The call stack is a per process memory buffer in which the system 
stores the return address each time a function is called on a Last In First 
Out basis. When the execution of the function ends, the return address 
at the top of the call stack is used (and then removed) to execute the 
next instructions.

This is illustrated in Fig.  1, in which the call stack we would obtain 
by calling an instrumentation function is represented over the duration 
of a simple application. If we focus on the call to the function bar, we 
can see that between𝑡 = 2 and t=3, during the function call, a return 
address to bar was added to the call stack. This return address was then 
removed (and used) between𝑡 = 3 and𝑡 = 4 at the function bar return 
time, enabling returning to the previous function.

A snapshot of the call stack can be obtained using the 𝑏𝑎𝑐𝑘𝑡𝑟𝑎𝑐𝑒(𝑣𝑜𝑖𝑑
𝑏𝑢𝑓𝑓𝑒𝑟[.𝑠𝑖𝑧𝑒], 𝑖𝑛𝑡𝑠𝑖𝑧𝑒) function from the GNU C extension, or through 
the use of the libunwind library. In both cases, the call stack instrumen-
tation function takes as a parameter the maximum number of return 
addresses to collect from the top of the stack.

It can be noted that because the instrumentation of the call stack 
is done through a function call, the address of the current function is 
added for a short time to the top of the call stack. This is why the call 
stack that was instrumented at 𝑡 = 1 in Fig.  1 contains a return address 
to main.

LD_PRELOAD is an environment variable available on Linux and 
other systems that can be set to load a specified shared library before 
any other, including the C standard library. This makes it possible to 
intercept specific function calls, as well as to execute specific actions 
when those calls are being intercepted.
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Fig. 3. Intercepting the read function with LD_PRELOAD and dlsym.

For example, creating a function called read in a shared library and 
loading this dynamic library through LD_PRELOAD will make all the 
calls to the original Lib-C POSIX read function be replaced by our own 
shared read function. If, at a given point, we need our own version of 
the read function to call the standard C read function, we can rely on 
the POSIX 𝑑𝑙𝑠𝑦𝑚 call. We show in Fig.  2 an example with a tracer that 
uses both the LD_PRELOAD and 𝑑𝑙𝑠𝑦𝑚 function to override the read
function call, store the call stack snapshots related to those calls, and 
then call the original Lib-C POSIX read transparently.

Finally, a possible C implementation of such a tracer is proposed in 
Fig.  3. This very short code can be compiled as a shared library, and 
will, when loaded through LD_PRELOAD, intercept all dynamic calls to 
the above-mentioned read function, and call the original read function 
obtained through dlsym. After the first comment of the code snippet, 
a pointer to the original read POSIX function is obtained. Under the 
second comment, a function with the same name, return type, and 
parameters as the original read POSIX function is defined. Because it 
shares the same name, this function will be called instead of the original
read function if the library is loaded with LD_PRELOAD. Finally, with 
the third and last comment, at interception time the original read
function is called in order to execute the I/O of the user code, and we 
log the function call to a trace file. Because our function shares the same 
parameters as the original function, all the I/O function parameters are 
available during interception and can as such be used for tracing and 
modeling.

3. GrIOt overview

As illustrated in Fig.  4, the GrIOt strategy can be decomposed into 
three major steps:

• Intercepting I/Os: I/O function calls are intercepted per process 
using a custom user-space I/O tracer (step I).

• Modeling I/Os: The I/O function calls and their corresponding 
pre-processed call stacks are captured in a directed graph (step 
II). This graph is created and continuously updated  during the 
application execution as long as GrIOt is ran. Metadata, such 
as the frequency and recency of used edges, are similarly dy-
namically updated, and saved according to the online prediction 
heuristic used. In order to be able to predict the next I/O of each 
application process, we created a graph representation of the call 
stacks based on three different granularities. The first option is to 
create one call stack graph per process to get the full per process 
I/O pattern. The second granularity is to create one graph per 
opened file (on a per process basis). By doing so, it is possible 
to predict the next I/Os of a specific file, which is more relevant 
in a context of prefetching. However, it does not enable model 
reuse as models are discarded when files are closed. To avoid 
this issue, rather than creating one model per opened file, with 
the third granularity we create one model per call stack of a file-
opening function, enabling model sharing and reuse between files 
opened with the same function. That way, I/O patterns do not 
have to be relearned every time a file is opened. Overall, when 
files opened with the same function call stack exhibit different 
3 
Algorithm 1 GrIOt modeling and prediction algorithm
1: function on_io_intercepted(𝑖𝑜, 𝑐𝑜𝑛𝑡𝑒𝑥𝑡_𝑠𝑖𝑧𝑒, 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛_ℎ𝑒𝑢𝑟𝑖𝑠𝑡𝑖𝑐)
2:  #### (I) Preprocessing call stacks
3:  Obtain, preprocess, and hash the I/O call stack
4:  #### (II) Modeling I/Os
5:  Update the new context
6:  If it does not exist, create a node or edge in the graph using the new context.
7:  Update the graph recency or frequency metadata, depending on pred_heuristic
8:  Update I/O hash table for the new I/O call stack hash.
9:  #### (III) Online Prediction
10:  if outgoing edge count of current node == 0 then
11:  return The call stack of the current node
12:  else if outgoing edge count of current node == 1 then
13:  return The call stack of the sole next possible node
14:  else return Call stack selection using prediction_heuristic

I/O behaviors, the per-open modeling granularity is the most 
appropriate, as it provides isolated models for each file instance. 
Conversely, the per-open-call-stack modeling granularity is best 
suited when files opened with the same function call stack exhibit 
similar I/O behavior. In this case, a single model can be shared 
across such files, improving efficiency. Moreover, this granularity 
is particularly advantageous when files are opened and closed for 
only a few I/Os, as it retains models associated with opening call 
stacks and enables accurate predictions from the first I/O—unlike 
the per-open granularity, which starts from an empty model for 
each new file. 

• Online prediction: I/O predictions are performed from the built 
graph following two heuristics (step III): Most Recently Used Edge 
(MRU) and Most Frequently Used edge (MFU). Some hash table 
mechanisms are used by GrIOt to accelerate the graph search and 
the identification of I/O parameters. The choice of the heuristic 
has side-effects regarding the modeling: Most Frequently Used 
edge requires adding weights to the edges of the graph, while 
Most Recently Used edge requires saving the latest edge followed 
for each node as a metadata. Moreover, the choice of the model-
ing granularity introduced above has an impact on the metadata 
locality, and as such on the heuristics. For instance, selecting the 
per open call stack modeling granularity means MRU will select 
the most recently used edge relative to the target opened file, 
rather than the most recently used edge of the whole application.

These steps are performed online every time the application performs 
an I/O function call. Alg. 1 shows the sequencing of the steps of GrIOt, 
it is referenced all through the explanations.

4. GrIOt step 1:  Intercepting I/Os and preprocessing call stacks

The first step of GrIOt, as illustrated in Step I of Fig.  4, is the 
interception of the dynamically linked POSIX and STDIO I/O functions 
(such as read, pread, and pread64) and the preprocessing of the 
call stacks. This interception is done through the use of LD_PRELOAD 
introduced previously. Our tracer is custom-made as, to the best of our 
knowledge, no existing tracers were designed to intercept and store I/O 
call stacks at the time of this publication.

As illustrated in Fig.  5 step (I), our custom tracer starts by inter-
cepting dynamically linked I/Os. When the user application wants to 
call an I/O function, a similarly named function in our tracer is called 
instead. In this function, the original I/O function is called as well as 
the C backtrace function (II) to obtain the call stack. As introduced in 
the background section, this raw call stack consists of a list of return 
addresses. This includes the I/O function call that was intercepted, that 
is ‘‘read’’ at line 2 of main in the example code of Fig.  5.

It has to be reminded that the return address for a given function is 
not the same from one execution to another due to address space layout 
randomization [22], a well-known technique used to mitigate memory 
corruption vulnerabilities.



L.-M. Nicolas et al. Future Generation Computer Systems 175 (2026) 108034 
Fig. 4. GrIOt overview.
Fig. 5. Call stack preprocessing.

In fact, existing studies using call stacks focus on online prediction 
and do not consider reusing an application model [17–19], which 
makes their reuse challenging. We argue that while the exact number of 
HPC applications may vary considerably depending on the specific field 
or context, it is common to find a handful of key applications being run 
on a routine basis, for example in the weather forecasting field where 
the same forecasting applications are usually run routinely for extended 
periods of time [23]. That is why we consider that being able to reuse 
application models could be of interest.

In order to make the traced I/O call stacks comparable from one 
process to another, we introduced step (III) of Fig.  5. The return 
addresses that are contained in the call stack snapshots are made re-
usable from one run to another. This is achieved by making the return 
addresses of the call stack snapshots relative to the loading address of 
the binary that is available in the ∕𝑝𝑟𝑜𝑐∕[𝑝𝑖𝑑]∕𝑚𝑎𝑝𝑠 file on Linux. Doing 
so, a given call is always identified by a constant address.

Finally, in step IV of Fig.  5, GrIOt computes a unique identifier for 
every unique call stack snapshot through the use of a general-purpose 
noncryptographic hash function, a 64 bits implementation of Murmur 
2 [24]. This makes it easier to check whether two call stack snapshots 
are equal and later makes searching the graph for a given call stack 
faster. We refer to these unique call stack identifiers as "call stack 
hashes".

In the remaining figures as in step IV of Fig.  5, each stack snapshot 
is addressed by its call stack hash, which is represented by a capital 
letter for ease of use. Similarly, a sequence of I/O call stack snapshots 
is represented as a sequence of capital letters.

After going through these four steps, the GrIOt tracer possesses not 
only the I/Os parameters that are easily obtainable as illustrated in 
Fig.  3, but also a re-usable I/O call stack hash. This information, as 
illustrated in Fig.  4, can be exported as a trace file. However, doing 
so creates an additional overhead on the storage device. Since GrIOt 
is an online algorithm, this feature is disabled by default, and the I/O 
information is simply passed to the modeling algorithm without being 
stored. However, if one needs to capture I/O traces and call stacks for 
further analysis, GrIOt could be triggered to do so.

We note that while our tracer does not intercept calls to libraries 
such MPI-IO or HDF5, it will still correctly intercept I/Os when the li-
braries themselves call POSIX or STDIO functions. It cannot be used yet, 
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however, to instrument memory-mapped files. Moreover, the call stack 
might not be reliable for programs written in interpreted languages, 
such as Python.

5. GrIOt step 2: Modeling I/Os

At the end of step I of Fig.  4, a call stack snapshot hash and 
associated I/O parameters are produced. In step II, that is the I/O 
modeling phase, these informations are used to create a model made 
of two parts:

• An I/O call stack directed graph. It is tasked with modeling the 
I/O call stack sequence for I/O pattern representation.

• An I/O parameter table. It is tasked to associate I/O parameters 
such as I/O size and offset to each unique I/O call stack, which are 
required for the model to be used for predicting I/O parameters 
to use for prefetching.

Together, these two elements can be used to model an I/O sequence. 
They are detailed in Sections 5.1 and 5.2 below.

This I/O modeling can be done at multiple levels. State-of-the-art 
work focuses on creating one I/O model per process. However, this 
modeling granularity only enables the prediction of the next I/Os of 
the application process. In order to be able to selectively predict the 
next I/Os of a target file, we propose two alternative finer-grained, per 
file modeling granularities. The three modeling granularities supported 
by GrIOt are thus the following:

• One model per process. One call stack graph is created per 
process. The model can predict the next I/Os of the current 
process.

• One model per open. One new model is created for every new 
file descriptor. Unlike the previous granularity, this modeling 
granularity enables per file prediction and metadata.

• One model per open call stack hash also called per open-hash 
sometimes for short. This modeling granularity similarly to the 
previous one enables per file prediction and per file metadata. 
Unlike the previous granularity, the model is saved when the file 
descriptor is closed, enabling memory of the previously opened 
files. 

The design and implementation of these modeling granularities is 
detailed in Section 5.3.

5.1. I/O call stack directed graph

The main element of the GrIOt model is a directed graph that 
models the sequence of I/O call stacks. We propose two different graph 
modeling solutions:

• Naive modeling solution: one node = one call stack snapshot hash.
• Advanced solution: one node = one call stack snapshot hash and 
a history of the last few previous call stack snapshots.
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Fig. 6. Online update of a graph with context size=1.

Fig. 7. Online update of a graph with context size=2.

The naive approach to modeling I/O call stack snapshot hashes 
would be to create a directed graph, in which a node would be a 
unique call stack snapshot hash (that is a unique I/O function call). 
An edge is created between two nodes in run-time to indicate that the 
two subsequent I/O functions call stack were called in order. This is 
the first modeling solution we consider.

This model, while straightforward to build, has some real issues. For 
example, if a given call stack hash is followed by two or more different 
call stack hashes in the graph (several outgoing edges), the prediction 
is more difficult to infer.

Such a case is illustrated in Fig.  6. In this example, a sequence of 
call stack snapshot hashes is created: ‘‘ABACAB’’. Then, when the last 
call stack hash is ‘‘A’’ (green in the Figure), the predictor has no clue 
of knowing which one of ‘‘B’’ or ‘‘C’’ node to follow as there are two 
outgoing edges. Moreover, this model does not consider the fact that 
the next possible I/O call stack hashes might not necessarily be solely 
determined from the last call stack hash.

Previous issue can be solved by creating graph nodes that contain 
more information about the history of an I/O in order to more easily 
operate a choice when several outgoing edges exist. This is the second 
modeling solution we consider. To do so, the model may store in the 
graph node not only the call stack snapshot hash of the captured I/O, 
but also the last few ones preceding it. The node’s call stack hash plus 
the stored history is called the context and the number of call stack 
hashes per node the context size.

For example, in Fig.  7, a context size of two is chosen, which means 
that a node contains both the current I/O function call stack snapshot 
hash plus the preceding I/O’s. Due to this change, the node that was 
called ‘‘A’’ in Fig.  6 is split into two nodes ‘‘BA’’ and ‘‘CA’’, that is, the 
node containing the I/O related to call stack ‘‘A’’ that was preceded 
by ‘‘C’’ and the one that was preceded by ‘‘B’’, respectively (the last 
letter represents the current hash and the ones preceding it its history). 
Due to this, an edge between ‘‘BA’’ and ‘‘AC’’ means the I/O call stack 
sequence ‘‘BAC’’ was observed, which also means that after an ‘‘A’’ that 
was preceded by a ‘‘B’’, ‘‘C’’ is a possible prediction. Using this graph, 
we observe that it is now possible to predict the next call stack without 
ambiguity.

The larger the context size, the more precise the model is. However, 
adding history to each node has two impacts: (1) the node size grows as 
it should store more call stack snapshots, and (2) the graph size grows 
as it may contain more nodes. As a consequence, there is a trade-off 
to strike to find the best context size for a given workload. This is 
evaluated in the experimental part.

5.2. I/O parameters table

While the I/O call stack graph models the I/O call stack sequence, 
the I/O parameters table makes it possible to associate I/O parameters 
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to the I/O call stacks. Together, they can model both the I/O sequence 
and parameters.

Each call stack snapshot is captured along with the I/O parameters 
of the related I/O function. These are stored in a table (one line per 
unique snapshot) and contain all the metadata that can be extracted 
from the intercepted function call, as illustrated in Fig.  3, that is: the 
file identifier, the offset, the I/O size and the inter arrival time (with 
regard to previous I/O function). To associate one line of parameters to 
a graph node, we created an I/O hash table whose keys are call stack 
hashes and whose values are the I/O parameters last seen for these call 
stack hashes.

This I/O parameter table is based on the assumption that I/Os with 
the same call stack will have similar I/O parameters. This assumption 
was first made in Omnisc’IO [17,18].

5.3. Modeling granularity and algorithm

In state-of-the-art studies, regardless of the nature of the model, a 
single model is created per process. The rationale behind this option is 
that the I/O patterns are issued on a process basis. In this paper, we 
introduced two additional modeling granularities. The algorithm and 
data structure presented before in this section are applicable to all three 
granularity levels, with the following small differences in the number 
of graphs, parameter tables and associated data structures:

• one model per process: there is one single graph and parameter 
table per process. No additional data structure is needed.

• one model per open: one model is created per file descriptor. 
There is a hash table associating one graph and one parameter 
table to each unique file descriptor in a near-constant time. Two 
different file descriptors cannot share a graph or parameter table. 
As such, this modeling granularity enables per file prediction. As 
a side effect, prediction metadata such as recency and frequency 
are local to each opened file. One new model is created every time 
an ‘‘open-like’’ function is called. Models are discarded when file 
descriptors are closed.

• one model per open call stack: there is a hash table associating 
one graph and one parameter table to each file descriptor in a 
near constant time. Multiple file descriptors can share the same 
graph. Moreover, there is another hash table similarly associating 
one graph and one parameter table to each open call stack in a 
near constant time. Two different open call stacks cannot share 
graph nor a parameter table. The main difference with the previ-
ous modeling granularity is that the model is shared between file 
descriptors that were opened with similar open call stack hash, 
and the model is not discarded until the end of the process. So 
there is a memory effect on previously opened files.

Aside from these granularity-specific implementation details, the 
GrIOt algorithm is described in Alg. 1. We detail here the modeling 
steps of this algorithm, namely the update of the context stack, graph 
and table :
Updating the context stack. When an I/O is intercepted and its call stack 
processed, one prerequisite to the creation of the node in the graph is 
the context update, see line 5 of Alg. 1. The context is kept track of 
through a stack whose size is equal to the context size.
Updating the graph. After updating the context stack, a graph node 
identified by this context is created in case it does not already exist, see 
line 6 of Alg. 1. Then, if an incoming edge does not exist between this 
node and the previous node, it is added accordingly. In order to check if 
a node already exists in the graph in nearly constant time, a hash map 
is used to store all the nodes in the graph. In order to check if a node 
has an edge to another node, every node contains its outgoing edges 
in an array. While this operation requires iterating over the array, an 
array is more memory efficient and just as fast as a hash map because 
most nodes have less than a dozen outgoing edges.
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Updating the graph metadata. After updating the graph, recency and 
frequency data are updated. Their addition is not trivial. A naive 
implementation would add these values to the graph edges. However, 
when using the per open call stack model granularity, we identify an 
edge case: multiple file descriptors can be sharing a graph at the same 
time. For the recency and frequency to be used effectively, locality is 
necessary. Having multiple file sessions updating the same metadata 
in the same graph would break this locality. As such, the recency and 
frequency of another file sharing the same graph is not pertinent. That 
is why the graph metadata should be a separate data structure from the 
graph. That way, when using the per open call stack model granularity, 
the metadata granularity used for prediction is per file rather than per 
open call stack, thus respecting recency and frequency locality.

Updating the table. Finally, the I/O hash table is also updated with the 
I/O parameters relative to the related intercepted I/O function. Another 
costly operation is the search for the I/O parameters in the table once 
a node has been identified for prefetching. This was also addressed 
thanks to a hash map.

6. GrIOt online prediction

The last step of GrIOt as presented in the step III of Fig.  4 is the 
online prediction of I/Os. It can be decomposed into two substeps: 
predicting the next I/O call stack, and using this I/O call stack to predict 
the parameters of the next I/O. These two substeps are detailed below.

6.1. I/O call stack prediction

I/O prediction is the last step of GrIOt, after the I/O interception 
and I/O modeling steps. At this step, our prediction algorithm is using 
the model, a context value that can be associated with the current node 
in the graph.

As illustrated in line 10 of Alg. 1, GrIOt prediction algorithm first 
checks if there are any outgoing edges from the node corresponding to 
the current context. If none is found, which happens when a call stack is 
seen for the first time, we make the assumption that the call stack will 
repeat itself (same function call) but with an update on the parameters 
corresponding to a sequential access with the same I/O size. This is an 
extreme case, as it will only happen the first time a context value is 
seen.

If there is a single outgoing edge, GrIOt predicts in line 13 of Alg. 
1 that the call stack corresponding to this edge will be the next node 
in the graph.

Finally, if there is more than a single outgoing edge, we in see line 
14 of Alg. 1 that GrIOt uses a heuristic to choose the next node for 
prediction purposes. In order to leverage I/O locality [12], we propose 
two simple strategies, Most Frequently Used (MFU), and Most Recently 
Used (MRU) edge:

• Most Frequently Used Edges (MFU). To use this heuristic, GrIOt 
needs to save information related to the frequency of each outgo-
ing edge of each node. To do so, we added frequency weights to 
the edges. All edges have a default weight of 1. GrIOt increments 
a weight when it is traversed, while the weights on the other 
edges of the node are decremented. We used this to approximate 
frequency.

• Most Recently Used Edges (MRU) MRU is used as an alternative to 
MFU because it can leverage temporal locality. The edge that was 
last traversed is saved for each node.

GrIOt can predict several I/O call stacks by traversing the graph 
using the above algorithm, using its own prediction to update the 
context stack.
6 
6.2. I/O parameters prediction

Once the next graph nodes are predicted, they can be translated 
into an I/O request through the I/O parameters table stored for each 
call stack snapshot as introduced in Section 5.2. We used an I/O table 
similar to the one used in Omnisc’IO [17,18].

7. Experimental evaluation

7.1. Methodology

GrIOt was implemented in C. CMake and compilation-time macros 
were used to create one GrIOt binary per modeling granularity. These 
binaries can perform all three steps of GrIOt by themselves: I/O in-
terception, online I/O modeling, online I/O prediction. In addition to 
GrIOt three steps, we add an exporting step at the end of the execution 
of a traced process in which the GrIOt graph and evaluation metrics 
are written as csv.

Real HPC applications were run with GrIOt. They are introduced in 
more details in Section 7.2.

Three sets of experiments were performed. The first set compares 
GrIOt with state-of-the-art studies. The second set compares differ-
ent configurations of GrIOt. The third set studies in more depth the 
overhead of call stack instrumentation.

GrIOt was evaluated against the Sequitur-based Omnisc’IO [17,18,
25]. We have chosen Omnisc’IO for this evaluation because it is the 
latest and most efficient work we found using a model based on call 
stacks for I/O prediction and with a code that is publicly available.

The cluster we used in this evaluation is composed of 32X440-A5 
BullSequana nodes, with two AMD EPYC Rome 7282 CPU (16 Cores, 
2.8GHz-120 W) and 128 GB of DDR4-3200 RAM per node.

7.2. Traced applications

As introduced in Table  1, five real HPC applications were traced. 
LAMMPS [26] is the name of a molecular dynamics tool. It stands 

for Large-scale Atomic/Molecular Massively Parallel Simulator. We use a 
publicly available input file1 to simulate a 1WDN Glutamine-Binding 
Protein with 1024 processes on 14 compute nodes.

NAMD [27] is similarly a molecular dynamics tool. We use another 
publicly available input file to run NAMD on a STMV virus.2

Incompact3D [28] is a Navier–Stokes solver. We used a publicly 
available input file, the X3D benchmark input file.3

Nemo is a framework for ocean simulation and climate studies. We 
used a privately available input file.

LQCD is an HPC application for the simulation of Lattice Chromo-
dynamics. We used a privately available input file.

Aside from a short description of the applications, Table  1 also 
contains metrics related to the applications’ I/O call stacks. They can 
be used to get a measure of the I/O call stack patterns complexity. 
Most notably, a low complexity of the I/O call stack patterns can be 
translated into (1) a higher percentage of repeating call stacks (up to 
97.91% on LQCD) or (2) a low number of unique call stack transitions 
compared to the total number of unique call stacks (only 110 unique 
transitions for a total of 85 unique call stack on Incompact3d).

1 https://www.hecbiosim.ac.uk/access-hpc/benchmarks
2 https://www.ks.uiuc.edu/Research/namd/utilities/stmv/
3 https://github.com/xcompact3d/X3D-benchmarking

https://www.hecbiosim.ac.uk/access-hpc/benchmarks
https://www.ks.uiuc.edu/Research/namd/utilities/stmv/
https://github.com/xcompact3d/X3D-benchmarking
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Table 1
List of the applications used in the evaluation.
 Application Description Nodes Processes I/O volume 

and count
# unique 
call stacks

# unique call 
stacks 
transitions

% of 
repeating 
call stacks

 NAMD Molecular Dynamics, 
1.1M Atoms: STMV 210M

12 12 81.5GB 
93.3e3 I/Os

371 718 9.32%

 LAMMPS Molecular Dynamics, 
10k Atoms: 3NIR Crambin

14 896 13.1GB 
18.5e3 I/Os

39 52 80.18%

 Incompact3d Navier–Stokes solver 10 640 13.8GB 
911e3 I/Os

85 110 0.28%

 LQCD Quantic chromodynamics 16 3072 73.0GB 
5.11e6 I/Os

319 643 97.91%

 NEMO Ocean simulation 8 256 22.8GB 
143e3 I/Os

229 312 32.52%
7.3. Evaluation metrics

We identified five evaluation metrics. The performance of the model 
was evaluated using two metrics. The first is the accuracy of the stack 
prediction for the next call. Since we focus, in this work, on evaluating 
the prediction for a prefetch purpose, we also evaluated the percentage 
of I/O volume whose I/O call stack was correctly predicted. While the 
first metric gives an idea about the number of I/Os correctly predicted, 
the second one gives the volume of I/Os correctly predicted.

The cost of our model is evaluated through three metrics: the instru-
mentation overhead, model overhead and model size. Model overhead 
and model sizes are discussed in experiments 1 and 2, while instrumen-
tation overhead is exclusively discussed in the third experiment, as the 
state of the art is using a technique similar to ours for instrumentation.

7.3.1. Prediction accuracy
A call stack prediction is considered correct if it matches exactly 

the next real I/O. The prediction accuracy is the percentage of correct 
predictions. We also used the weighted prediction accuracy, that is, the 
percentage of the total I/O volume whose I/O call stack was predicted 
correctly.

7.3.2. Overhead
We measured the duration of the applications cited in Section 7.2 

with and without GrIOt. The delta between these two durations is what 
we call the total overhead.

Then, we measured the duration of these applications with a build 
of GrIOt that only does the interception step. The delta between this 
duration and the duration without interception is called the instrumen-
tation overhead.

The modeling and prediction overhead can be obtained by sub-
tracting the instrumentation overhead from the total overhead.

In order to produce these detailed overhead metrics for Omnisc’IO, 
we ran Omnisc’IO’s Omnilizer binary [25] on a trace of each applica-
tion. By doing so we obtained its modeling and prediction overhead. 
However, we were not able to use Omnisc’IO tracer module to measure 
its instrumentation overhead. As Omnisc’IO is using LD_PRELOAD, 
similarly to GrIOt, we considered that it should have the exact same 
instrumentation overhead.

Then, we ran GrIOt a third time, this time enabling model and statis-
tics dumping through the environment variables detailed in Section 7.1. 
We obtained, amongst other metrics, the I/O count. The Overhead per 
I/O can be obtained by dividing the overheads previously measured 
on each application by the I/O count. This metric is critical to the 
future integration of GrIOt with a prefetcher, as the cost per I/O 
introduced by GrIOt must not exceed the performance gains provided 
by the prefetcher; otherwise, overall application performance would be 
degraded rather than improved.
7 
Fig. 8. Comparison of the prediction accuracy of GrIOt and Omnisc’IO.

7.3.3. Model size
We extracted the size of the model from the GrIOt dump. It is 

not the average size of all the models in a process, but rather the 
memory footprint of GrIOt per process, that is the sum of the sizes 
of all the call stack graphs, graph metadata and context stacks of a 
process. For Omnisc’IO, Omnilizer binary outputs the total number of 
lines in its grammar model. We modified it to output a size, so we have 
a comparable metric.

7.4. Results discussion

Three sets of experiments were performed. The first set compares 
GrIOt with existing studies. The second set tests different configurations 
of GrIOt. The third one evaluates the instrumentation overhead.

7.4.1. Comparing GrIOt with prior work
We performed a first set of experiments to compare our model with 

Omnisc’IO.
Prediction accuracy: In Fig.  8, the prediction accuracy of GrIOt 

and Omnisc’IO is compared. Two GrIOt configurations were used, and 
were the same for all the following 4 paragraphs. The first one uses the 
per process modeling granularity, while the second one uses the per 
open call stack hash modeling granularity that was newly introduced 
in this paper. Both use MFU as the prediction heuristic, with a context 
size of 2. It can be observed that GrIOt with this baseline configuration 
has a prediction accuracy comparable to that of the state-of-the-art 
study. GrIOt with per process granularity has very similar performance 
to Omnisc’IO: it is doing slightly better on 3 workloads and slightly lags 
behind for the three others. This validates our approach: GrIOt lossy I/O 
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Fig. 9. Comparison of the weighted prediction accuracy of GrIOt and Omnisc’IO.

Fig. 10. Comparison of the average modeling and prediction overhead per I/O of GrIOt 
and Omnisc’IO.

Fig. 11. Comparison of the model size of GrIOt and Omnisc’IO.

call stack sequence modeling can offer similar accuracy to the lossless 
encoding of the I/O call stack performed by Omnisc’IO. However, GrIOt 
with per open call stack hash granularity has lackluster accuracy. This 
can be explained by the fact that having information regarding all the 
files at the same time (per process option can be useful for prediction, 
8 
Fig. 12. Effect of context size on accuracy on GrIOt.

especially for predicting log files, which makes for a lot of small I/Os. 
This useful information is used with GrIOt per process, while it is not 
used for GrIOt per open call stack hash since the model is per file.

Weighted prediction accuracy: In Fig.  9, the weighted prediction 
accuracy is used as an alternative accuracy metric to compare GrIOt 
and OmniscIO. Rather than evaluating the number of I/Os, here we 
evaluate the correctly predicted volume of I/Os. We can see a large 
change in the accuracy values when it is weighted with the I/O volume. 
This is because while Omnisc’IO and GrIOt are predicting correctly a 
number of I/O call stacks, the volume of these I/O is not necessarily 
high. Most notably, writing log files and reading parameters is often 
done through many very small I/Os. Because of their high number, 
these I/Os can have a significant impact on the accuracy metric despite 
their relatively low I/O volume. We can see that GrIOt with our newly 
introduced per open call stack hash modeling granularity is doing better 
than both Omnisc’IO and GrIOt with the per process modeling granu-
larity. That is because by creating file-level model with the per open 
call stack hash granularity, multiple simple, easy-to-predict models are 
created rather than a single complex monolithic per process model with 
more complex predictions.

Model overhead: In Fig.  10, the prediction and modeling overhead 
per I/O of our model and Omnisc’IO are compared. The model overhead 
is the overhead of updating the model after an I/O and predicting the 
next one. This metric does not comprise the interception cost, which 
is the same for both GrIOt and Omnisc’IO. It can be observed that the 
per open call stack hash model has a much lower overhead per I/O 
than Omnisc’IO, with a reduction of up to 120x on LAMMPS. Unlike 
a grammar model, which requires a complex algorithm for prediction, 
making prediction in a graph given a node and a heuristic is straight-
forward and has a low complexity. However, GrIOt-per process suffers 
slightly worse performance. This can be explained by the single large 
graph that needs to be traversed (rather than multiple smaller graphs 
for the per open call stack hash option), and a lackluster hash map 
implementation. It still has a much smaller overhead than Omnisc’IO 
in most cases, the only exception being Xcompact3d. We think that this 
higher overhead is due to hash collisions in GrIOt hash maps reducing 
the performance. As such, better results could be obtained by expanding 
the size of the hashmap, or trying an alternative hash function.

Model size: In Fig.  11, the model size of both our model and 
Omnisc’IO are compared. The size of our graph-based model is 
consistently lower than the size of the grammar-based model of 
Omnisc’IO, up to 100x lower on LQCD. This can be explained by 
the fact that unlike Omnisc’IO, GrIOt does not try to encode the I/O 
call stack sequence losslessly. We note that the per open call stack 
hash granularity has slightly higher model size than the per process 
granularity: this can be explained as it maintains multiple smaller 
graphs rather than a single large graph, which is more costly due to 
the need for some additional data structures.

7.4.2. Exploring GrIOt parameters
In the previous experiment, we performed a comparison of GrIOt 

and state-of-the-art work. In this second set of experiments, we evalu-
ated the impact of context size, model granularity, and heuristic choice 
on accuracy, model overhead, and model size (see Table  2).
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Fig. 13. Effect of context size on model size.

Fig. 14. Effect of model granularity and prediction heuristics on prediction accuracy 
for LAMMPS.

Fig. 15. Effect of model granularity and prediction heuristics on prediction accuracy 
for NAMD.

Fig. 16. Effect of model granularity and prediction heuristics on prediction accuracy 
for NEMO.

Table 2
Effect of model granularity on GrIOt model size.
 LAMMPS NAMD NEMO Incompact3d LQCD  
 Per-Process 141 bytes 9.8 kB 4.1 kB 1.1 kB 463 bytes 
 Per-Open-Hash 227 bytes 15.2 kB 7.8 kB 2.2 kB 870 bytes 
 Per-Open 281 bytes 2.4 kB 11.9 kB 383 bytes 283 bytes 
9 
Fig. 17. Effect of model granularity and prediction heuristics on prediction accuracy 
for Incompact3d.

Fig. 18. Effect of model granularity and prediction heuristics on prediction accuracy 
for LQCD.

Effect of context size : In Fig.  12, the prediction accuracy of GrIOt 
is shown as a function of context size. The model granularity and 
prediction heuristic is fixed to our baseline, per process with MFU. We 
can see that for some applications, especially NEMO, having a higher 
context size (compared to context size of 1) has a positive effect on 
prediction accuracy at lower values and a negative effect for very high 
values (more than 8). The first point can be explained by the fact 
that increased context size allows our model to identify I/Os more 
efficiently, as illustrated previously in Figs.  6 and 7. The second point 
can be explained by the increased context size having a negative impact 
on learning speed: a higher context size means more nodes in the 
graph, so building and updating the full model of the application takes 
more time. The fact that the performance on the other applications, 
especially LAMMPS, LQCD and Incompact3d, is not affected by the 
context size suggests that they have simpler I/O call stack patterns. This 
is confirmed in Table  1, where it can be observed that LAMMPS and 
LQCD have indeed the highest ratio of directly repeating call stacks. 
Moreover, it can also be observed that Incompact3d has a number of 
unique call stack transitions very close to the number of unique call 
stacks (110 vs 85), which similarly suggests that the application has 
very simple I/O call stacks patterns. However, this is not a generality: 
NEMO and NAMD have neither a low unique call stack count (229 for 
NEMO, 371 for NAMD) nor a too high number of repeating call stacks 
percentage (32.52% for NEMO, 9.32% for NAMD). In particular, NAMD 
use Charm++, a message-driven parallel programming framework that 
makes I/O call stacks more complex and less deterministic. In addition, 
it has been observed in recent literature that more and more AI-related 
workloads are executed on HPC platforms, and that those present yet 
different I/O patterns [29].  In Fig.  13, the size of the model is displayed 
according to the size of the context. It can be observed that selecting 
a higher context size makes the model size larger. This is the reason 
why we chose to use a context size of 2 as the baseline value in this 
evaluation, in order to maximize prediction accuracy while keeping the 
model size low.

Effect of the model granularity: In Table  2, the model size is 
displayed as a function of model granularity for the five applications. 
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Fig. 19. Effect of model granularity and prediction heuristics on weighted prediction 
accuracy for LAMMPS.

Fig. 20. Effect of model granularity and prediction heuristics on weighted prediction 
accuracy for NAMD.

Fig. 21. Effect of model granularity and prediction heuristics on weighted prediction 
accuracy for NEMO.

All model granularities have similarly small model sizes (less than 20 
KB). The per-open-hash granularity is observed to always cause an 
higher model size than the per-process granularity. This is because over 
the duration of the application execution, it creates multiples models 
rather than a single model per process. The per-open granularity, 
however, is observed to have either the highest model size or the 
lowest. This is because it creates one model per opened file descriptor, 
and discards these models as soon as they are closed. As such, the 
maximum observed model size is high if the application opens a lot 
of files at the same time, and very low if files are opened sequentially.

In Figs.  14 to 18, the accuracy of the model is displayed as a 
function of the granularity of the model for different workloads. It can 
be observed that the per-process granularity has the highest accuracy 
with this evaluation metric, hence the choice of this heuristic as a 
baseline configuration. In Figs.  19 to 23, the metric used is the weighted 
prediction accuracy. The conclusion here is different: the per open call 
stack hash model granularity has the highest weighted accuracy. This 
can be explained by this modeling granularity enabling per file recency 
and frequency metadata, as well as the re-use of models between files 
with similar open call stacks, which leads to better predictions. The 
per open modeling granularity similarly enables per file recency and 
10 
Fig. 22. Effect of model granularity and prediction heuristics on weighted prediction 
accuracy for Incompact3d.

Fig. 23. Effect of model granularity and prediction heuristics on weighted prediction 
accuracy for LQCD.

Fig. 24. Effect of model granularity on modeling overheads for LAMMPS.

Fig. 25. Effect of model granularity on modeling overheads for NAMD.

frequency metadata, but it has worse performance on most applica-
tions. This is because some of the applications are doing less than 
a dozen I/Os between each open/close, making the extremely fine-
grained modeling with no model re-use a disadvantage as the per open 
models are discarded before they learned the file I/O behavior.

In Figs.  24 to 28, the prediction and modeling overhead per I/O 
is displayed as a function of model granularity for all 5 applications. 
The per process modeling granularity has the highest overhead on 
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Fig. 26. Effect of model granularity on modeling overheads for NEMO.

Fig. 27. Effect of model granularity on modeling overheads for Incompact3d.

all five applications, with a modeling overhead of up to 82 μs, on 
Xcompact3d. This high overhead only represents a 3. 5% overhead 
per I/O, because the average I/O duration of Xcompact3d is relatively 
high. In contrast, the overhead for the per-process modeling granularity 
in LAMMPS is only 32 μs but represent a 54% overhead. This very 
high overhead can be explained by LAMMPS average I/O duration 
being much lower. Comparatively, the other two modeling granularities 
present a lower overhead than the per process modeling granularity, 
with an overhead below 0.1% for the five applications. Furthermore, by 
integrating the per-I/O overhead data presented in Figs.  24 through 27 
with the I/O operation counts listed in Table  1, we can estimate the 
total I/O overhead incurred by each application. Notably, the maximum 
observed overhead is 75 s for Incompact3d. The execution of any of 
the evaluated application taking from 2 h to up to six hours (when 
configured to have one checkpoint per hour), this overhead can be 
considered small. Moreover, this overhead is distributed across Incom-
pact3d’s deployment on 10 compute nodes and 640 parallel processes, 
further mitigating its overall impact on performance.

Effect of the prediction heuristic: In Figs.  14 to 23, we can 
see that the prediction heuristic has an impact on the accuracy of 
the prediction. Using the MFU heuristic tends to give slightly better 
prediction accuracy, regardless of the exact accuracy metric chosen. 
The choice of the prediction heuristic on model size was not evaluated, 
as both heuristics were supported by all three model implementations. 
However, the MFU heuristic needs slightly more memory than the MRU 
heuristic, as MFU needs to store one frequency value per edge, while 
MRU needs only to store one value per node, with the edge count being 
most of the time greater or equal to the node count due to repeating 
call stacks.

7.4.3. Characterizing the call stack instrumentation
As detailed in the background, the call stack instrumentation can be 

done through the use of the backtrace function or through libunwind. In 
both cases, the call stack instrumentation depth is a parameter.

Effect of the call stack instrumentation depth: In Fig.  29, the 
total number of differentiable call stacks is displayed as a function of 
call stack instrumentation depth for all five applications. This figure 
11 
Fig. 28. Effect of model granularity on modeling overheads for LQCD.

Fig. 29. Effect of call stack depth on call stack differentiation.

Fig. 30. Effect of call stack depth on libunwind instrumentation overhead.

shows that picking lower call stack instrumentation depth means not 
being able to differentiate every call stack. In Figs.  30 and 31, the call 
stack instrumentation overhead is displayed as a function of call stack 
instrumentation depth. It can be observed that an increased call stack 
instrumentation depth led to an increased instrumentation overhead. 
Moreover, we observe that the call stack instrumentation overhead 
closely follows the total number of differentiable call stacks. As such, it 
seems that it is possible only to decrease the call stack instrumentation 
overhead by reducing the number of differentiable call stacks, which 
might possibly undermine the usability of the predicted call stack for 
prefetch. This is why we choose in this paper to pick a very high call 
stack instrumentation depth of 32 in order to perfectly differentiate the 
call stacks.

Comparison of backtrace and libunwind: In Figs.  30 and 31, the 
call stack instrumentation overheads of backtrace and libunwind are 
compared. We observe that for all but one application, the overhead on
libunwind is similar but smaller than on backtrace, with gains up to 10%. 
For Incompact3d, however, we observed libunwind to have an overhead 
up to 50% smaller than backtrace (2.5 μs vs 5 μs for a call stack depth 
of 4, 8 μs vs 12.5 μs for a call stack depth of 32). Our hypothesis is that 
this performance gap is caused by libunwind better support of DWARF 
frame unwinding in the absence of frame pointers [30]. At last, it is 
also important to note that libunwind is an external, dynamically linked 
library. Its integration introduces additional complexity for system 
administrators in terms of installation, maintenance, and compatibility.
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Fig. 31. Effect of call stack depth on backtrace instrumentation overhead.

7.5. Performance results summary

• While GrIOt correctly predicts fewer or a similar number of 
call stacks compared to state-of-the-art Omnisc’IO, the total data 
volume associated with GrIOt’s correct predictions is larger.

• The overhead of GrIOt in terms of model size and time overhead 
is much lower than in previous work.

• From the 3 granularities evaluated, the per process granularity 
gave the better accuracy in terms of number of I/Os. The per open 
call stack hash granularity (model with memory) not only enables 
the prediction of the next I/O of a given file (as opposed to the 
next I/O of a given process), but it also gave the best accuracy 
in terms of I/O volume. The per open granularity (model without 
memory) did not show good performance.

• Finally, we presented an in-depth study of call stack instrumen-
tation overhead, and most notably have highlighted a trade-off 
between call stack instrumentation precision and instrumentation 
overhead while tuning the call stack instrumentation depth.

8. Related work

The most straightforward approach to prefetch data is to modify the 
application source code, treat it as a white box, and have the user add 
hints [7] or pre-execute I/Os. These methods, while theoretically vi-
able, can be difficult to apply since the source code of HPC applications 
is often unavailable or too complex to modify [6].

In Omnisc’IO [17,18] it is observed that most HPC applications do 
very structured I/Os. As such, the authors used call stack snapshots 
to represent I/O structures and use them for prediction, making it a 
gray box approach as it does not need the application source code. 
At runtime, I/Os are intercepted and a snapshot of their call stack 
taken, forming a sequence. The structure of this sequence is extracted 
using a lossless compression algorithm called Sequitur [20]. When an 
application exhibits very structured and repetitive I/O behavior, this 
approach is highly efficient. However, when this hypothesis is not true, 
the size of the model grows very fast, and we observed in our evaluation 
that the prediction performance suffers great latencies. Also, when 
modeling irregular applications, the Omnisc’IO prediction algorithm 
will often have multiple fitting predictors in the grammar. Because 
Omnisc’IO does not come with heuristics or statistics to choose between 
these, it will have a hard time making precise long-term predictions. 
Some later studies [19] built upon Omnisc’IO, but they kept a very 
similar approach centered around Sequitur and are not applying their 
models to I/Os.

In our prior work [21], we presented a first implementation of GrIOt 
that only considered a granularity level per process. In this paper, 2 
granularity levels were added to GrIOt, enabling a better precision, a
lower overhead, and the ability to predict the next I/Os of a given 
file rather than being limited to predicting the next I/Os of a process. 
In addition, all three modeling granularities were implemented in C, 
which enabled a more realistic evaluation, and an easier comparison 
12 
with the state of the art. At last, in this paper we went a step further in 
the characterization of call stack instrumentation overhead com-
pared to the existing literature, bringing to light the relation between 
call stack instrumentation cost and the number of differentiable call 
stacks and paving the way for future studies.

Finally, there are several black box methods that do not use call 
stacks or application source codes to get insight into an application 
I/O structure. They make predictions from previously traced I/O op-
erations. One such method is pattern matching [13–15,31]. Their main 
downside is that their overhead grows most notably with the number 
of detected patterns, and eventually with the size of the time window 
considered. This limits the number of patterns that can be learned 
for a given application or file. Another approach is to build proba-
bilistic models [11,12], such as Markov Chains [32]. Most notably 
with Lynx [12], Markov chains are used to predict the next blocks 
to be accessed. The model presented suffers a scalability issue as the 
tracked number of blocks grows. This makes it hard to use for large 
HPC applications. Some other methods are limited to a specific field. 
For example, on providing quality prefetch to distributed machine 
learning [33].

9. Conclusion

This paper presents GrIOt, a full strategy for Graph-based Modeling 
of HPC Application I/O Call Stacks for Predictive Prefetch. GrIOt makes 
it possible to use call stacks to predict I/Os for prefetching on both regu-
lar and irregular applications with similar or better accuracy compared 
to previous studies based on grammar representation. Compared to its 
earlier versions, it allows for a larger configuration space thanks to its 
new modeling granularities, which most notably enables per-file I/O 
prediction.

As a perspective for future work, we consider adapting GrIOt im-
plementation to work with MPI-IO. Moreover, because our current 
implementation creates multiple GrIOt models, we will consider de-
signing a new algorithm to generate a single application model from 
multiple process models and/or file models. This algorithm would 
consider MPI rank and apply clustering on the models to identify 
similar I/O behavior and patterns depending on the MPI rank. We also 
consider exploring the optimization of the call stack instrumentation 
overhead, by learning, depending on the current node in the graph, 
the minimal call stack instrumentation depth keeping all the useful 
call stack information. A third direction for improvement would be to 
predict the next I/Os using both the per process and the per open call 
stack hash modeling granularity, and to select the best model to use 
depending on the last I/O call stack.

Finally,  while the current evaluation highlights the strong potential 
of GrIOt for I/O prediction, we acknowledge that its practical im-
pact can only be fully assessed through integration into a functional 
prefetcher. As a next step, we plan to leverage GrIOt’s prediction 
capabilities to design such a prefetcher. The underlying graph structure 
is well-suited for this purpose, as it can be extended with additional 
metadata such as return values for prefetching. We thus consider GrIOt 
a promising foundation for building a learning prefetcher.
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