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Abstract—Recurrent neural networks (RNNs) are valued for
their computational efficiency and reduced memory requirements
on tasks involving long sequence lengths but require high
memory-processor bandwidth to train. Checkpointing techniques
can reduce the memory requirements by only storing a subset of
intermediate states, the checkpoints, but are still rarely used due
to the computational overhead of the additional recomputation
phase. This work addresses these challenges by introducing
memory-efficient gradient checkpointing strategies tailored for
the general class of sparse RNNs and Spiking Neural Networks
(SNNs). SNNs are energy efficient alternatives to RNNs thanks to
their local, event-driven operation and potential neuromorphic
implementation. We use the Intelligence Processing Unit (IPU)
as an exemplary platform for architectures with distributed local
memory. We exploit its suitability for sparse and irregular work-
loads to scale SNN training on long sequence lengths. We find
that Double Checkpointing emerges as the most effective method,
optimizing the use of local memory resources while minimizing
recomputation overhead. This approach reduces dependency on
slower large-scale memory access, enabling training on sequences
over 10 times longer or 4 times larger networks than previously
feasible, with only marginal time overhead. The presented tech-
niques demonstrate significant potential to enhance scalability
and efficiency in training sparse and recurrent networks across
diverse hardware platforms, and highlights the benefits of sparse
activations for scalable recurrent neural network training.

Index Terms—Spiking Neural Networks, Graphcore IPU, Al-
gorithm Hardware Co-Optimization, Backpropagation Through
Time, Gradient Checkpointing.

I. INTRODUCTION

Sparse and recurrent neural networks represent a powerful
paradigm in machine learning, with applications spanning
time-series analysis, natural language processing, and event-
driven computation [16]. Among these, Spiking Neural Net-
works (SNNs) have garnered significant interest for their bio-
logically inspired, event-driven processing, which departs from
the dense, synchronous data handling of traditional artificial
neural networks (ANNs) [11]]. SNNs communicate through
sparse, asynchronous spike-based events, offering the potential
for substantial improvements in computational efficiency and
energy consumption [1]]. More broadly, sparse and recurrent
architectures including SNNs and other networks with sparse
activations are well-suited for scenarios involving irregular,
event-driven, or sequence-based data processing [12].
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However, the adoption of such networks has been con-
strained by hardware limitations. Most widely available hard-
ware systems, such as Graphics Processing Units (GPUs),
are optimized for dense matrix operations, making them less
efficient for the sparse and recurrent workloads [18]]. This
challenge is particularly pronounced in systems with limited
high-speed local memory and reliance on slower, remote
memory.

To address these limitations, we introduce memory-efficient
training techniques designed for hardware architectures ca-
pable of handling sparse and recurrent computations. While
SNNs serve as a focal application, our approach is generaliz-
able to other sparse and recurrent networks, including those
with sparse integer or floating-point activations. We leverage
the Intelligence Processing Unit (IPU) as an ideal platform
to showcase our methods, given its tile-based architecture
and hierarchical memory system with its remote streaming
memory. As such, the IPU is particularly well-suited to sparse
and irregular workloads [8]]. These features enable the IPU to
efficiently manage the memory and computational demands of
long-sequence and large model training, a task that typically
requires significant resources [[17]].

Checkpointing allows to reduce the memory requirement
during training by only storing a subset of intermediate states
[3]. For RNNs, this is typically implemented by storing the
intermediate states at timesteps distanced at a certain inter-
vals, the checkpoints, and dropping the states for timesteps
inbetween [7]]. During the backward phase, this requires the
recomputation of the dropped states with an additional forward
pass, which typically induces a roughly 30% overhead in
training time.

Our contributions include the development of novel gradient
checkpointing techniques tailored for sparse and recurrent
architectures and for hardware architecures that do not feature
high bandwidth memory (HBM), but some form of additional
external, off-chip memory. Among these methods, Double
Checkpointing emerges as the most effective, enabling se-
quence training lengths over 10 times longer and over 4
times bigger networks than previously feasible with minimal
time overhead. This approach strategically balances memory
efficiency and computational overhead by reducing reliance
on slower memory systems and optimizing the use of local
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Fig. 1. Comprehensive overview of the Backpropagation Through Time (BPTT) process, showcasing how intermediate states are handled and reconstructed.
Execution traces for various gradient checkpointing strategies, including Standard, Chunk, Remote, and Double Checkpointing

memory. Although the IPU serves as the primary platform
for this work, our methods are broadly applicable across a
wide range of hardware architectures. By exploiting sparse
activations our techniques enable scalable and efficient training
of sparse and recurrent networks, contributing to advancements
in both hardware utilization and network scalability.

II. RELATED WORK

The exploration of efficient neural network training and
hardware optimization has been a prominent focus in Al
research. Traditional approaches often leverage GPUs and
TPUs [10], but alternative architectures are being explored to
improve the scalability and efficiency of models, particularly
for sparse and recurrent networks. For example, Finkbeiner
et al. investigated the use of massively parallel MIMD ar-
chitectures, such as IPUs, for sparse spiking neural networks
(SNNs5), achieving significant throughput gains over traditional
GPUs [3].

Another line of research has concentrated on improving
learning mechanisms for SNNs. Bellec et al. introduced
LSNNs, which integrate neuronal adaptation for enhanced
computing and learning capabilities, achieving computational
performance comparable to LSTM networks [2]. Zenke and
Vogels highlighted the robustness of surrogate gradient meth-
ods in enabling functional SNNs with sparse activity [21].

Memory efficiency is also critical, especially for recurrent
and spiking networks. Chen et al. proposed a sublinear mem-

ory algorithm for training deep networks, significantly reduc-
ing memory overhead with manageable computational trade-
offs [3]. Gruslys et al. extended this idea to backpropagation
through time (BPTT), reducing memory consumption while
training RNNs on long sequences [[6]. Singh et al. further
enhanced BPTT for SNNs by introducing time-skipping and
activation-checkpointing techniques to address high memory
requirements, achieving substantial speed and memory effi-
ciency improvements [19].

The potential for hardware-specific optimization is also
evident in FPGA-based systems, as demonstrated by Ramhorst
et al., who developed a resource-aware structured pruning
method tailored for FPGA, significantly reducing hardware
resource usage [15]]. Additionally, recent advances in adap-
tive memory strategies, such as dynamic programming-based
memory optimization for neural networks, have allowed effi-
cient utilization of computational resources without compro-
mising training performance [6].

Beyond hardware considerations, improving the training
dynamics of SNNGs is crucial. Advances like surrogate gradient
learning and memory-optimized BPTT have laid the ground-
work for enabling large-scale SNN models with practical
training runtimes [3], [21].

These studies provide the foundation for our research, where
we explore advanced checkpointing techniques to improve
both memory efficiency and computational performance in
SNN training on the IPU.
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Fig. 2. Performance Comparison of Gradient Checkpointing Strategies Across Sequence Lengths and Model Sizes. Left: Time per batch as a function of
sequence length, showing how Double Checkpointing maintains competitive training times compared to other methods, even for longer sequences. Middle:
Peak local memory per tiles across sequence lengths, highlighting Double Checkpointing’s ability to minimize memory usage while scaling. Right: Peak local
memory per tiles as a function of model size, demonstrating Double Checkpointing’s scalability and efficiency in handling larger models with T=300.

III. METHODS

This section outlines the core methodologies developed for
training Spiking Neural Networks (SNNs) on the Graphcore
Intelligence Processing Unit (IPU) [9], with a focus on mem-
ory efficiency and training time optimization.

A. BPTT based SNN training on the IPU

The IPU, a massively parallel compute architecture with
distributed local memory, is ideally suited for multiple data,
multiple instruction (MIMD) workloads. Its programming
paradigm is based on the Bulk Synchronous Parallel (BSP)
model, which organizes computation into sequential super-
steps. Each superstep consists of a local computation phase, a
communication phase, and a barrier synchronization phase.

During local computation, each of the IPUs cores has access
to 624kB of dedicated SRAM, forming a “tile” with the
core. This architecture enables highly efficient memory access
due to its extremely low latency, comparable to L1 cache
on GPUs. This feature, combined with the IPU’s capability
for efficient processing of unstructured sparsity, allows it to
outperform traditional GPU and TPU architectures in scenarios
involving recurrent neural networks with sparse connectivity
and activations. Unlike GPUs, which require large, structured
data packets (128 bytes minimum), the IPU can efficiently
handle small data packets (8 bytes), making it especially well-
suited for SNNs, which inherently feature both recurrence and
sparsity.

Our base implementation builds upon the sparse represen-
tation outlined in [5]. This approach optimizes memory usage
and accelerates calculations by using sparse spike representa-
tions and distributing neuron states and weights to dedicated
tiles to minimize communication overhead. The models are
trained using backpropagation through time (BPTT) using

the surrogate gradient approach to account for the spikes
discontinuity [13]], [20]. This foundational implementation
serves as the starting point for exploring advanced gradient
checkpointing strategies, which we introduce in subsequent
sections to further enhance memory efficiency and scalability
of sparse RNN training, as demonstrated by SNN training on
the IPU.

B. Standard Checkpointing

Standard Checkpointing reduces memory usage by storing
only a subset of neuron states during the forward pass. When
performing the backward pass, these checkpoints are used to
recompute intermediate states in smaller chunks. This avoids
storing all intermediate states while maintaining computational
feasibility.

On the IPU, the forward pass involves two main operations
[5]: Matrix multiplication (MatMul) to calculate the next state,
and Spike Generation function, which generate sparse spikes
from states. While the Spike generation step is computationally
expensive, saving the spikes avoids recomputing it during the
backward pass. This optimization reduces the recomputation
overhead, making the re-execution of the forward pass approx-
imately 30% of the original cost.

The chunk size parameter, chunk_size, determines the num-
ber of time-steps between checkpoints. The number of check-
points is given by:

T
b_checkpoints = —— 1
nb_checkpoints = - — ()
where T is the sequence length. The memory required for the
Base Implementation is:

MBase = Ms T+ Mothers (2)
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Fig. 3. Memory Efficiency of Double Checkpointing Across Model Sizes and Configurations. The graphs compare the maximum peak local memory per
tiles for Double Checkpointing versus the base implementation across varying sequence lengths (T) and batch sizes. Left: T=128 and batch_size=120. Middle:

T=500 and batch_size=60. Right: T=900 and batch_size=60

where Muers accounts for non-optimizable tensors such as
spiking activations and synaptic weights, and M; represents
the memory required for a single state:

M = O(batch_size - num_neurons) 3)

With Standard Checkpointing across time, memory consump-
tion becomes:

Mseandara = M - (chunk_size + nb_checkpoints) + Mopers (4)

Since we only save nb_checkpoints checkpoints, in addition
to allocating a chunk of chunk_size state to save interme-
diate values between checkpoints. However, recomputation
increases the time complexity by the time of the additional
recomputation forward pass Tiefwd:

Tstandard = Tiwd + Towd + Trefwd )

where Tiyq and Tiyg represent forward and backward pass
times. Since operations related to sparse representation gen-
eration or event communication are avoided during recompu-
tation, Tierwq constitutes less than 10% of the total forward
pass computation for the implementation on the IPU, high-
lighting the efficiency of Standard Checkpointing with sparse
activations.

C. Remote Checkpointing

Due to the limited and expensive on-chip memory on most
hardware architectures, most architectures introduce additional
off-chip memory. The IPU features fast on-tile memory and
slower, larger so called streaming memory. Remote Check-
pointing leverages this architecture by offloading checkpoints
to the external streaming memory, reducing on-tile memory
consumption and enabling larger models and sequence lengths.
However, access to off-chip memory introduces data transfer
and synchronization overheads.

The memory requirement for Remote Checkpointing con-
sequently loses its dependence on the number of checkpoints
stored in local, on-chip memory:

Mremote = M - (Chunk_Size + 1) + Mohers (6)

however, for the time complexity, the additional data transfer
and synchronization times must be considered:

TRemote = Tstandard + 2 + (Tc + Ts) - nb_checkpoints, (7)

where T, is the time to transfer a single checkpoint to and from
streaming memory, and 7 is the average synchronization time.
While Remote Checkpointing excels in memory efficiency,
excessive data transfers can diminish its time efficiency.

D. Hierarchical Checkpointing

Hierarchical Checkpointing combines the benefits of Stan-
dard and Remote Checkpointing by fetching batches of check-
points instead of individual ones. This minimizes data transfers
and synchronization costs while optimizing memory usage.
Consequently, the memory requirement scales similar to the
Standard Checkpointing case, however, with the number of
local checkpoints nb_local < nb_checkpoints:

Myier = M - (chunk_size + nb_local) + Mopers-  (8)

The time complexity is:
Thier = Tstandara + (Te - nb_local 4+ T) - N, 9)
where N., the number of communications with streaming

memory, is defined as:

N, —2. <nb_checkpoints (10)

—nb_local | .
nb_local nb_loca )

Here, N. is derived based on the hierarchical checkpointing
strategy of fetching multiple checkpoints at once. Instead of
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checkpoints on training time (right) and memory usage (left) for Double Checkpointing (bottom) and Hierarchical Checkpointing (top).

retrieving remote checkpoints one by one, nb_local check-
points are read together in a single communication operation,
which significantly reduces the number of synchronization
steps required. The term % represents the number
of batches of checkpoints fetched from remote memory. Since
each batch requires communication for retrieval, this reduces
the overall communication overhead. Furthermore, the last
nb_local checkpoints are directly stored locally, eliminating
the need for further synchronization, which justifies the sub-
traction of nb_local in the equation.

Hierarchical Checkpointing strikes a balance between mem-
ory and computational overhead, making it well-suited for
larger models with moderate sequence lengths.

E. Double Checkpointing

Double Checkpointing extends the concept of Hierarchical
Checkpointing by introducing a two-tier checkpointing system.
Remote checkpoints are complemented by intermediate local
checkpoints between pairs of remote checkpoints, reducing
frequent remote memory accesses. In contrast to Hierachical
checkpointing, the local checkpoints are not loaded from
remote memory as one block, but only one remote checkpoint
is loaded from remote memory and the local checkpoints are
recomputed with an additional recomputation forward pass.
Therefore, the memory requirements are similar to the Hier-
achical Checkpointing case, however for the time complexity,

time for remote data access and transfer is traded off for an
additional recomputation pass:

remote_chunk_size

Mpoubie = M - (chunk_size + . ) + Mothers
chunk_size

(11)

TDouble = TSlandaId + Trefwd + (Tc + Ts) ' Nc» (12)

where N., the number of communications with streaming
memory (read and write), is:
T

N.=2- —.
¢ remote_chunk_size

13)

By efficiently distributing memory and reducing communi-
cation overhead, Double Checkpointing enables scaling to
both longer sequences and larger models, with minimal time
penalties.

IV. RESULTS

We compared the performance of different checkpointing
strategies on the IPU by testing the maximum sequence length
they could handle while maintaining acceptable training times.
The experiments were conducted using the sparse spiking
neural network on the Graphcore IPU with 3 layers and
2 neurons per tile. The batch size was set to 120 for all
experiments.

The results, shown in Figure @ (Left), reveal that the Base
Implementation could only fit sequences of length T' = 400,
making it unsuitable for large-scale tasks. On the other hand,
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Standard Checkpointing demonstrated the ability to scale up
to sequences of length 2000, with only a minimal increase in
training time of approximately 5%.

Remote Checkpointing and Double Checkpointing strategies
were able to scale up to sequences of length 7' = 4000. How-
ever, the communication overhead for Remote Checkpointing
caused noticeable time penalties, increasing training time by
more then 50%. Double Checkpointing, however, achieved this
scalability without significant time increases, making it the
most balanced approach in terms of both memory usage and
time efficiency.

In addition to sequence length scalability, we also evaluated
the ability of these checkpointing strategies to handle larger
model sizes. For this, we tried different sequence lengths (T)
and batch sizes Figure E]and in order to scale the network size,
we changed the number of neurons per tile. Remarkably, both
Double Checkpointing and Remote Checkpointing enabled the
training of networks more than four times larger than what
was achievable with the Base Implementation for 7" = 300
in Figure [[I] (right), a typical sequence length for applications
and datasets [4]], [14]]. This significant increase in model size,
combined with the ability to scale sequence lengths, under-
scores the effectiveness of these memory-efficient checkpoint-
ing strategies. Double Checkpointing, in particular, provided
the best overall performance, offering both the scalability of
longer sequences and the capacity to handle larger models
without substantial time penalties.

These results highlight the scalability advantages of
memory-efficient checkpointing strategies, particularly Double
Checkpointing, which provides the best overall performance
for long sequences and larger networks.

V. HYPERPARAMETER STUDY

In this study, we evaluated the performance of various
checkpointing strategies by analyzing key hyperparameters.

Since Standard Checkpointing is the most computationally
efficient method and Remote Checkpointing is optimal for
memory usage, we used these strategies as baselines for
comparison with more complex methods. For Standard Check-
pointing, theoretical analyses suggests that using chunk_size =
VT, where T is the sequence length, strikes the best bal-
ance between memory and computation [6]. Experimental
results shown in Fig. [] confirmed this, demonstrating that
chunk_size = /T = 64, for the given T" = 4096, optimally
reduces memory usage while training times are unaffected by
the choice of chunk size. In the case of Remote Checkpointing,
memory consumption is minimized by selecting the smallest
possible chunk_size. However, smaller chunk sizes increase
communication overhead with streaming memory, creating a
trade-off between memory requirements and time. Practical
experiments revealed that the optimal chunk_size is the largest
size that can fit in local memory, balancing memory efficiency
with reduced communication costs.

We further investigated Hierarchical Checkpointing by vary-
ing the number of local checkpoints. Figure [4] (top) shows the
results of that analysis. While increasing the number of local
checkpoints effectively reduces memory usage, it does not sig-
nificantly improve training time compared to Remote Check-
pointing. While increasing the number of local checkpoints
effectively increases local memory usage, it does not signif-
icantly improve training time compared to Remote Check-
pointing. This inefficiency arises because the limited memory
bandwidth, rather than synchronization, becomes the primary
bottleneck on the IPU Streaming memory. Hierarchical Check-
pointing mitigates slowdown caused by synchronization, but
since synchronization overhead is not a dominant factor on
the IPU, the benefits are limited. For Double Checkpointing
(Fig. @) (bottom) the memory requirement shows a similar
trend as the Hierachical Checkpointing approach. However,
while the training time for Hierachical Checkpointing did not



improve for increasing number of local checkpoints, it does for
Double Checkpointing. As a result, for Double Checkpointing
configurations can be found that show low local memory
requirements close to those of Remote Checkpointing while
almost being as fast as Standard Checkpointing. The difference
in results between the Hierachical and Double Checkpointing
approach highlight that fast recomputation can be preferable
over accessing and loading memory from external memory for
checkpointing applications.

Figure [5 shows the results where Double Checkpointing
was additionally evaluated by varying the remote_chunk_size.
Larger remote_chunk_size reduced the number of remote
checkpoints, which decreased communication time with
streaming memory and improved training speeds. However,
this came at the cost of increased memory usage due to
the need for more local checkpoints. For a sequence length
of T' = 4096, the optimal configuration was found to be
remote_chunk_size between 64 and 256, which provided the
best trade-off between memory efficiency and computational
overhead, achieving a balance that minimized memory usage
while maintaining reasonable training times. After fixing the
remote_chunk_size theoretical analysis suggests that using
chunk_size = +/remote_chunk_size is optimal which Fig.
(left) demonstrates experimentally.

VI. DISCUSSION

In this work, we demonstrated the potential of various
checkpointing techniques for sparse and recurrent neural net-
works to alleviate the high memory requirements for back
propagation trough time training, that naively scale linearly
with the sequence length. Hereby, we specifically focus on
hardware architectures with significant local, on-chip memory
and without high bandwidth memory (HBM), but additional
external, off-chip memory with limited bandwidth. Our check-
pointing techniques exploit the sparsity of activations by
storing the sparse activations of the full sequence in the
local memory and only recomputing the internal states during
checkpointing. Due to the drastically accelerated forward
pass during recomputation we achieve almost the training
time as without checkpointing. Additionally, we propose a
Double Checkpoiting technique to even further reduce both the
local memory requirements as well as the memory bandwidth
requirements of the external memory. Using our novel check-
pointing technique we demonstrate the training of spiking
neural networks, a form of recurrent neural network with
sparse and binary activations, for more than 10 x longer
sequence lengths or 5 x larger networks at minimal training
time overhead compared to plain backpropagation through
time. Future work will require to expand the scope to ex-
plore the impact of these strategies on different types of
neural network architectures and in various computational
environments. Especially the the Double Checkpoint technique
could enable long-sequence training even for purely on-chip
memory scenarios due to it’s drastically reduced memory
requirement, O(v/T), for choices of hyperparameters that
minimize memory requirements.
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