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Abstract. During the last decade, a new kind of computation-intensive
and complex application has emerged: Large Language Models (LLM).
These applications require the computing power offered by HPC clusters
and are complex to implement efficiently: several kinds of parallelisms are
possible, limited available memory is often a major constraint, accelera-
tors (GPUs, TPUs, NPUs, ...) need to schedule data transfers and com-
putations, the problem size imposes distributed executions, ... All these
challenges are already well-known by developers of the first-class citizen
applications running on HPC clusters: linear algebra, numerical simula-
tion, ... That is why task-based runtime systems have been proposed: to
ease the writing of HPC applications by providing an abstraction of the
machine and its efficient programming. Despite task-based runtime sys-
tems being used for a long time now for classic HPC applications, they are
not used to implement LLM applications. In this paper, we present our
first experiments to try to understand why this is the case and whether
using task-based runtime systems for LLM applications (both training
and inference) is relevant. We describe our implementation of a small
LLM with StarPU, discuss the different choices we had to make and
evaluate performance.

Keywords: Large Language Model · Task-based Runtime · Application.

1 Introduction

Large Language Models (LLMs) have become a widespread application for High
Performance Computing centers, whose efficient implementation requires a care-
ful organisation of several kinds of parallelism, with heterogeneous accelerators
and strong constraints on the memory hierarchies and data transfers. Standard
implementations are based on Python frameworks which require a significant
programming effort to efficiently utilize all the computing capabilities of the
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hardware. In this paper, we explore the possibility to use an efficient task-based
runtime system to implement a reference LLM. Task-based runtime systems
have been developed as an abstraction to help the implementation of complex
HPC applications, but their usage for LLMs and more generally deep learning
applications is still to be explored.

1.1 Task-based Runtime Systems

In a task-based implementation of an application, computations made by the
application are modeled as a task graph. Each task is a pure function taking data
as input and producing output data. Tasks are the nodes of the task graph. Edges
of the graph represent the data dependencies between tasks: if task A produces
a data, which task B needs as input, there will be a directed edge from the node
A to the node B. This edge means than task B must be executed after task A.
With this model, the runtime system can automatically schedule tasks in order
to minimize application runtime, while respecting data dependencies. In addition
to scheduling, task-based runtime systems can manage data transfers between
main memory and accelerators, distributed executions, performance models, etc.
The goal of task-based runtime systems is to abstract the architecture of the
machine and let it handle most of its complexity, which makes writing parallel
applications easier.

In this work, we use StarPU [4], a distributed task-based runtime system
which leverages the Sequential Task Flow. With StarPU, each task is defined as
a function to execute, but also with a set of data access modes: read-only (input
data), write-only (output data) or read-write (both). Data accessed by tasks are
abstracted as data handles. Then, the application to parallelize is written in a
sequential way and consists of a sequence of task creation, by precising which
data is accessed. By knowing which data are accessed and how, StarPU can
generate the task graph and infer the parallelism. Tasks are then executed by
workers, which is an abstraction of computing units, e.g. a CPU core or a GPU.

For distributed executions, StarPU uses MPI [1], usually with one MPI
process per node. Each MPI process executes the same program: same tasks and
same data handles, but data is not allocated on all nodes, but is distributed
across the available nodes. The real location of the data is recorded in data
handles. Since each MPI process builds the whole task graph, the actual location
of data allows StarPU to decide by which node each task should be executed.
Moreover, edges in the task graph which now span across two distinct nodes will
require an MPI communication, managed directly by StarPU.

1.2 Large Language Models (LLMs)

Large Language Models are specific type of deep neural networks, mostly de-
signed to generate output text from a given input text. They have been popu-
larized by the success of ChatGPT, Gemini, Claude, among others, which allow
users to have a “conversational experience” with the model. These models are
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composed of many layers (computational operations which are successively ap-
plied to the input), and each layer is associated with parameters that describe
the corresponding transformation. These parameters must be optimized in a
training process so that the large language model can accurately perform the
required task. Then, the model and the parameters can be used together to gen-
erate an output in what is called the inference process. In this work, we consider
only the training of the model.

Large Language Models do not process words, but tokens, which are numbers
representing portions of words. Hence, a tokenizer is required to convert the input
data into a sequence of tokens in a pre-processing step which is performed before
the actual training and not considered in our work. The goal of the model is to
predict the most likely token which will follow an input sequence of tokens.

The training of a model is composed of the following steps:

1. forward : compute the output from the input data and current parameters;
2. loss: the output (a probability distribution over all possible output tokens)

is compared to the ground truth and the difference is computed as a loss
value that the training process tries to minimize;

3. backward : the layers are traversed in the reverse order to compute gradients,
which represent how each parameter should be adjusted to reduce the loss;

4. update: the parameters are modified according to the computed gradients;
5. Repeat from step 1. until an acceptable loss is reached.

One sequence of these four steps forward→loss→backward→update is called
an iteration. The input data for a given iteration is called a batch, containing
several independent input sequences. The number of these sequences is called
the batch size and is an important parameter that affects the computational
efficiency and the convergence of the training procedure. The data that goes
from one layer to the next in the forward pass are called activations.

There are several techniques to parallelize the training of LLMs. In this work,
we will consider tensor parallelism where the computations inside a layer are
parallelized; and data parallelism where several iterations are executed in parallel
on different input data.

Many different models of LLMs exist. For the purpose of our work, the choice
of the model does not really matter: the general shape of the task graph comes
from the sequence of the training steps which need to be done regardless of
the model; the model dictates which layers will be executed, how they are con-
nected and what are the trainable parameters. For this work, we adapted the
code of Andrej Karpathy [11], which is a simple implementation of the GPT-2
model [17], which is composed of 74 layers, organised in 12 transformer blocks.

1.3 Contributions and Outline of the paper

In this work, we implement a task-based version of the GPT-2 model, based on
the code by Karpathy [11]. We describe our design decisions in Section 2, and
show in Section 3 how the task-based approach allows to easily explore different
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kinds of parallelism: tensor and data parallelism, as well as their combination. In
Section 4, we extend this implementation to a distributed, multi-node solution
and evaluate its performance. Related works are described in Section 5.

2 Implementation with a Task-based Runtime System

We based our task-based implementation on Karpathy’s CPU version of the
training of the GPT-2 model, which is mostly sequential, only several OpenMP
pragmas are used to trivially parallelize for loops in the most expensive model
layers.

2.1 Taskification

The first work was to taskify the code. Fortunately, the implementation of LLMs
is highly compatible with the task paradigm: each layer of the model becomes
a task. Karpathy’s code already defines one function for each layer (GeLU,
matrix multiplication, norm, softmax, ...). Each of these functions has become
a type of task in our version. Hence, defining the tasks and data inputs/ouputs
is quite straightforward.

2.2 Data Organization

The different tasks will access different types of data. Input tokens for training
are loaded from the training dataset and are processed in the forward step,
generating activations. Target values are also loaded from the dataset and will
only be used to compute the loss of the model by comparison with the output
of the model. Model parameters (weights and biases) are specific to each model
layer. They are read during the forward and backward passes, and written in the
update step. Gradients are also specific to each model layer and are temporary
data which are used between the backward and update steps to know how to
update the parameters.

All these data are represented as data handles, which are registered before
the task submission by specifying their type and size. Actual memory allocation
for pieces of data is done by StarPU, before executing the first task which
produces that data. Data initialisation (loading from datasets or default values)
is also performed inside dedicated tasks.

While input and target values for two different iterations are different and
completely independent data, model parameters are updated between two it-
erations. This means the same memory allocations (i.e. data handles) will be
used for model parameters in all iterations, but input/output data and gradi-
ents could use a different memory space for each iteration. Generally speaking
in StarPU, to avoid generating spurious dependencies between tasks (which
could limit parallelism), two independent pieces of data should be represented
with two different data handles. It would thus be natural to register activations
of different iterations as their own separate data handle.
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2.3 Task Graph Creation

Tasks are created sequentially and for each task, accessed data handles are pro-
vided together with the access mode (read, write, or both). This information
allows StarPU to generate the corresponding task graph.

The produced task graph of the LLM training is depicted on Figure 1: each
iteration forms a long chain of tasks. During the backward step, the update
task of each layer can be executed as soon as the backward task of the layer is
finished. With this first task-based version, the resulting task graph offers very
little parallelisation. This is especially true because update tasks take less time
than backward tasks.

Load F1 F2
... loss ... B2 B1

U U

Load

F1 F2
...

F Forward task B Backward task U Update task

Iteration 1 Iteration 2

Data dependency

Write-after-read when sharing handles between iterations

Fig. 1: Structure of the task graph for one iteration, and dependencies to the
next iteration. Dependencies between forward and backward tasks are carried
by activations, dependencies between backward and update tasks are carried by
gradients, and dependencies between update and forward tasks are carried by
model parameters. The dependency between the load and loss tasks is carried
by the target ground truth.

It is usually a good practice to submit all tasks required by the application
at once, so that StarPU is aware of the whole task graph and can optimize
its execution. However, when activations of each iteration are registered as dif-
ferent data handles, this means that all initialization tasks can be executed
immediately, which will trigger memory allocations before performing the actual
initialization. Indeed, as can be seen on Figure 1 without the dotted edges, even
for data that will be used very late in the task graph, these tasks do not have
any preceding task and StarPU will start the task graph execution with them.
This can lead to memory consumption issues: all of this memory allocation will
take place at the beginning of the application, although it is not necessary that
all data exist simultaneously during the application execution.

For this reason, in our case we have decided to reuse the same data handles
for activations of different iterations. This reduces the memory usage by ensuring
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that only one set of activations can be present in memory at any given time.
Since the last update after the backward pass needs to be finished to start the
forward pass of the next iteration, the write-after-read dependencies that are
added by this change (shown as dotted edges in Figure 1) are already implied
in the task graph by the real data dependencies. In practice, this means that in
all iterations, we use the same data handles for inputs, target values, loss and
gradient. This reduces the total number of data handles and consequently the
total allocated memory. Initialization tasks for one iteration are submitted after
all tasks of the previous iterations have been submitted. Since StarPU builds
the task graph using data dependencies between tasks, it will automatically add
a dependency between the last task which reads a data in the previous iteration
and the first which writes a data in the next iteration, ensuring the correctness
of the execution.

3 Get More Parallelism

As mentioned in the previous section, there is almost no parallelism in the basic
task version of the LLM training, because of the structure of the training pro-
cedure itself. Training neural networks can however still exploit different types
of parallelism. In this section, we implement two of them with StarPU: tensor
and data parallelism, and eventually combine both of them.

3.1 Parallelism inside Tasks with OpenMP (Tensor Parallelism)

Among the operations executed by in the layers of LLM models, many of them
can actually be performed in parallel: the most time-consuming layers consist of
matrix multiplications (GEMM), and many layers apply the same operation to
each element of a vector. This is called Tensor Parallelism.

There are several ways to express this parallelism with StarPU. The most
natural would be to decompose a task into a set of tasks and let StarPU sched-
ules the sub-tasks. This method requires to adapt both the operation kernels
taken from Karpathy and the task submission logic. To avoid diverging too
much from the original version and be able to have a fair comparison between
the task- and non-task-based versions, we choose to retain the OpenMP pragmas
above the for loops, and use an MKL implementation of matrix multiplication
in both versions. In the context of StarPU, this means that one task can have
a parallel section in its execution and needs to use several cores. The common
usage of StarPU is to have CPU tasks executed by only one core, but StarPU
also supports parallel workers [7]: available cores are clustered into a set of spe-
cific workers, which can execute tasks with parallel sections. All parallel workers
encompass the same number of cores.

In general, the scalability of tensor parallelism (i.e. its ability to fully exploit
all cores of a node) may be limited by problem size, because there might not be
enough work to sufficiently feed all available cores.
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3.2 Several Iterations in Parallel (Data Parallelism)

The input data of one iteration is a batch of several independent token sequences,
and can thus be further divided into several smaller sub-batches. Each of these
batches can then be processed in parallel in independent (sub-)iterations. This
technique is called Data Parallelism, because the parallelism happens by splitting
the data. All sub-iterations performed in parallel use the same model parameters,
but input data, activations and gradients are specific to each sub-iteration. How-
ever, there is a new reduction step: after the backward tasks, gradients obtained
by all sub-iterations must be averaged. Only after that, parameters of the model
can be updated using the averages of gradients. This additional synchronisation
step is required to take into account the work done by each sub-iteration.

With StarPU, data parallelism is easy to implement: the same sequences of
tasks are submitted several times, with tasks of each sub-iteration accessing their
own data handles. Since tasks of different sub-iterations manipulate different
data, they can be executed in parallel. Averaging the gradients of all parallel sub-
iterations is actually a reduction operation. One could manually submit tasks to
perform this reduction, but StarPU has built-in support to reduce data between
data handles. This feature uses internally a binary tree to perform the reduction.

If only data parallelism is used (i.e. tasks are not parallel) and given the little
parallelism inside the task graph of one sub-iteration, StarPU can schedule one
sequence per core, so that the level of parallelism is equal to the number of cores.

3.3 Mixing Data and Tensor Parallelisms

Our implementations of data and tensor parallelisms can be used independently,
but it is also possible to use both simultaneously. From a technical perspective,
it is possible that tasks used in parallel sub-iterations (data parallelism) are
actually parallel tasks (tensor parallelism). Mixing both parallelisms can be in-
teresting to cope with the limitations of tensor parallelism, especially when the
matrices manipulated by tasks are too small and do not require a large number
of cores to be efficiently parallelized.

This raises the question of how to partition the machine: the number of
available cores is always the product of the number of cores used by one paral-
lel task and the number of parallel sequences, so that this partitioning can be
specified with one parameter. In the next section, we explore how this additional
parameter affects the training efficiency.

3.4 Experimental Results

To evaluate efficiency of these parallelisms, we used one node with dual Intel
Xeon Gold 6240 at 2.6GHz with 36 cores and 192 GB RAM, and equipped
with Intel Omni-Path 100 series network. GPUs are not used for this study.
Since our implementation is based on Karpathy’s code, we also use the same
training conditions: the dataset is a tokenized version of a subset of the work of
Shakespeare, the model is GPT-2 with 124M parameters, 12 attention heads,
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with channel size 768 and sequence length is 64. Karpathy’s code was modified
only to use the GEMM routine provided by the MKL. GCC 15.1, StarPU 1.4.10
and Intel MKL 2029.4 with GNU threads were used to build the applications.

In all of the results in this paper, the measurements are performed over
10 successive iterations, and the performance is displayed in terms of number
of processed tokens per millisecond, obtained by dividing the total number of
tokens processed by the execution time of the 10 iterations; higher values are
better. Each training takes approximately one minute.
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(a) Weak scalability of training with the
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Fig. 2: Scalability experiments for the data parallel and parallel workers versions.

Figure 2a compares the weak scalability of Karpathy’s version and the
two parallelisms we implemented with StarPU. The batch size increases with
the number of cores, so that the total work per core remains constant. In this
experiment and the next one, StarPU with parallel worker uses only one parallel
worker with a given number of cores, whereas the StarPU version with data
parallelism does not use parallel tasks and the number of sub-batches trained in
parallel is equal to the number of cores. The version of StarPU with parallel
workers is very similar to Karpathy’s version, since they both use only tensor
parallelism. We observe that up to 18 cores, the scalability is very good, but
with more cores it starts to decrease. With more than 18 cores, the used cores
are spread on the two processors, which implies more costly memory accesses.
The tensor parallel versions have slightly worse scaling because they induce fine-
grained synchronizations between cores, whereas with data parallelism all cores
can work independently for most of the training iteration.
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The performance of strong scalability is shown on figure 2b, where the batch
size is kept constant. In that case, StarPU with data parallelism can only be
evaluated for a number of cores such that number of cores× size of sub-batch =
batch size = 72, i.e. the number of cores must be a divisor of 72. We obtain
similar performance for the three implementations, with the same advantage for
the StarPU versions as before. However, for the data parallel version on 36
cores, the performance is worse than using tensor parallelism (1.5 t/ms vs 1.7
and 1.9 t/ms for Karpathy and StarPU with parallel workers respectively)
because sub-iterations work on batch sizes of 72

36 = 2 which is too small, making
the overhead of StarPU noticeable, and there is an additional reduction in each
iteration. One can also notice that the execution with 12 cores is the same than
the execution with 12 cores in Figure 2a (where total batch size = 12 cores ×
batch size 6/core = 72).
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Fig. 3: Token speed for different total batch sizes according to how both paral-
lelisms are mixed.

As explained previously, combining both tensor and data parallelisms re-
quires to decide how many cores will be in each parallel worker. Since in this
experiment we are always using all the available cores of the node, the number
of parallel workers needs to be a divisor of 36. Parallelism inside one parallel
worker is tensor parallelism and the different sub-iterations executed in parallel
on different sub-batches by different parallel workers is data parallelism. Fig-
ure 3 shows the performance of the possible node partitioning for different total
batch sizes. The total batch size has an impact on the size of the data going
through the task graph. Karpathy’s version does not support data parallelism.
The partitioning 1x36 corresponds to having only tensor parallelism with only
one parallel worker and the partitioning 36x1 corresponds to having only data
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Fig. 4: Weak scalability of the StarPU-MPI version. Each node has parallel work-
ers with 8 cores and 4 sequences are executed in parallel.

parallelism with sequential tasks. Moreover, the executions 1x36 and 36x1 with
a total batch size of 72 are the same than when 36 cores are used in figure 2b.
In general, we see that increasing the total batch size increases also the token
speed: lower performance with smaller batch sizes can be explained by the lack
of work to feed all processing units. The best node partitioning depends on the
total batch size and is not symmetric: the best token speed 2.70 t/ms is achieved
with a total batch size of 360 and the partitioning 12x3, while with the same
batch size, the partitioning 3x12 gives 2.53 t/ms.

Overall, we observe that the StarPU implementation has similar or better
performance than Karpathy’s version. When we reach the limits of tensor par-
allelism, the data parallelism we implemented in the StarPU version helps to
better exploit the computing power of the machine, under the condition to have
a large enough sub-batch.

4 Distributed Version with MPI

We extended our StarPU implementation to work also on several nodes. The
required changes are quite minor, since StarPU handles all the communica-
tions between MPI processes [1]. All MPI processes execute the same StarPU
application and submit the whole task graph. The actual memory correspond-
ing to data accessed by tasks is really allocated only on one node and this will
determine which tasks each MPI process will execute.

Our distributed version relies on data parallelism: each MPI process works
on a different sub-batch, and the model parameters are duplicated on each MPI
process. At the end of each iteration, gradients of all sub-iterations of all MPI
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processes are reduced by StarPU to a single MPI process, which performs the
parameter update. For the next iteration, all MPI processes need the updated
model parameters and since this data dependency is expressed in the task graph,
StarPU will send the new parameters to all MPI processes. The most notable
change in the code to have a distributed version is to indicate which MPI process
owns the memory of each data handle.

The weak scalability of distributed training with OpenMPI 4.1.5 and one
MPI process per node is shown on figure 4. StarPU requires to dedicate one
core to handle communication progress, thus in order to have correct multiples
and divisors for node partitioning and total batch size, we used only 32 cores of
each node split into 4 parallel workers, which according to Figure 3 is one of the
best node partitioning for this batch size. Results show that between 1 and 16
nodes the token speed drops from 2.32 to 1.88 t/ms respectively, i.e. a decrease
of 19 %, which can be considered as good scalability.

5 Related work

Task-based runtime systems have been developed in the last decades to provide
a simple abstraction for programming parallel and distributed HPC applica-
tions. Such systems, like StarPU [4], Legion [5], ParSeC [9], or OMPsS [8],
have allowed users to express complex applications [6,3] or linear algebra algo-
rithms [1,2,16] in a performance-portable way, adapting seamlessly to the charac-
teristics of the available hardware. In distributed settings, these systems feature
an integration with the MPI communication library, performing automatic data
management to ensure the correctness and efficiency of the distributed execution.

In contrast, the majority of neural network frameworks like TensorFlow [14],
PyTorch [15] or JAX [18] require explicit data placement and transfers when per-
forming parallel execution. This requires the programmer to carefully optimize
the asynchronous execution, whereas the corresponding techniques (prefetching,
cache mechanisms, ...) are well understood in task-based systems. Some frame-
works have been proposed to obtain efficient execution of neural networks, but
they are usually restricted to the inference part [12], and use a monolithic im-
plementation that makes it difficult to benefit of the task-based approaches.

Some task-based implementations of deep neural networks have been pro-
posed. FlexFlow [10] is based on the Legion runtime system [5] and features
an automatic decomposition into different forms of parallelism. NNTile [13] is
an attempt to port the standard nn.Module PyTorch class onto the StarPU
runtime system, allowing for arbitrary tiling of tensors. These solutions require
significant engineering so that they can be used on any kind of neural network.
In this work, we focus on a simple representative neural network, which is why
we have chosen the llm.c [11] implementation which has a similar purpose.
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6 Conclusion

In this work, we present a task-based implementation of a reference LLM model,
highlighting the benefit of the task-based runtime system for easily and efficiently
implementing different kinds of parallelism for deep learning model training. We
obtain a parallel and distributed implementation with simple adaptations of the
code, and our performance evaluation shows that it obtains good scalability.

This work can be extended in several ways. First of all, we would like to
analyze deeper the performance. Then, we plan to adapt the CUDA-based ver-
sion from Karpathy to be able to target GPU accelerators, and use the data
management features of StarPU to perform automatic offloading of activations
if they do not fit in memory. We will also explore the pipeline parallelism (where
each node or GPU only processes a part of the model), which may require adding
scheduling algorithms adapted to this particular workload.

Software Availability A public companion4 contains the instructions to re-
produce our study.
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