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Abstract

Neuromorphic computing, utilizing spiking neural networks (SNNs) and event-driven
processing, offers a path to energy-efficient, low-latency computation. Reinforcement
Learning (RL) is the ideal framework for teaching these systems goal-directed behavior,
but training presents hurdles related to energy efficiency, complex temporal dynamics,
and specialized hardware integration. Google's TPUv4 is a leading machine learning
accelerator, providing massive parallel compute, high memory bandwidth, and an
extremely fast interconnect network. This white paper details how to optimize RL agents
on TPUv4 for neuromorphic computing, covering algorithm selection, TPUv4 architecture
leverage, optimization comparisons, SNN mapping, and performance best practices.
The analysis is grounded in technical depth and supported by relevant data,
demonstrating that the TPUv4 can serve as a transformative, high-speed training and
simulation engine for the next generation of biologically-inspired Al.

1. Introduction

Neuromorphic computing, utilizing spiking neural networks (SNNs) and event-driven
processing, offers a path to energy-efficient, low-latency computation. Reinforcement
Learning (RL) is the ideal framework for teaching these systems goal-directed behavior,
but training presents hurdles related to energy efficiency, complex temporal
dynamics, and specialized hardware integration.

Google's TPUv4 is a leading machine learning accelerator, providing massive parallel
compute, high memory bandwidth, and an extremely fast interconnect network. These



features can dramatically accelerate RL training and inference, even for intricate
neuromorphic use cases. This white paper details how to optimize RL agents on TPUv4
for neuromorphic computing, covering the following key areas:

Identifying suitable RL algorithms (e.g., A3C, PPO, DDPG).

Examining how the TPUv4 architecture (MXUs, HBM, interconnect) speeds up RL.
Comparing optimization strategies across TPUv4, GPU, and CPU platforms.
Discussing the mapping of spiking or bio-inspired neural models onto TPUv4.
Presenting performance benchmarks and profiling best practices.

Providing technical guidance on frameworks like TensorFlow and JAX, including

considerations for batching, parallelism, precision (bfloat16 vs. float32), and memory

layout.

The analysis is grounded in technical depth and performance, supported by relevant data and

structural considerations.

2. RL Algorithms Suited for Neuromorphic Tasks

Neuromorphic applications often involve continuous sensorimotor control, event-driven data,
and the need for asynchronous processing. The following RL algorithms are particularly

relevant:

Algorithm

Relevance to
Neuromorphic RL

Key Optimization Strategy
on TPUv4

Proximal Policy
Optimization (PPO)

A state-of-the-art policy
gradient method known for
stability and sample
efficiency. Successfully
applied to training SNNs for
control tasks and serves as a
common benchmark in
neuromorphic RL research.

Its mini-batch optimization is
highly amenable to massive
vectorization and large-batch
updates on TPU's MXUs,
maximizing hardware
utilization.

Deep Deterministic Policy
Gradient (DDPG)

An off-policy actor-critic
method ideal for tasks with
continuous action spaces
(e.g., neurorobotics).
Off-policy nature allows
efficient experience reuse,
which is beneficial when
simulation or real-world data
is costly.

Its off-policy nature
necessitates large replay
buffers, which are easily

accommodated by TPUv4's
ample, high-bandwidth HBM.




Asynchronous Actor-Critic
(A3C)

Its asynchronous nature
aligns with the distributed,
parallel computation
principles of neuromorphic
systems. It can exploit
parallelism across many
agents/environments.

Its strength in utilizing many
small computation threads
can be mapped to
high-parallelism architectures
like TPU, though
synchronous methods often
utilize the hardware better.

Other Relevant Algorithms

Deep Q-Networks (DQN) are
suitable for discrete
problems. Evolutionary
Strategies (ES) or
population-based RL are
highly parallelizable and
robust to noisy gradients,
making them scalable
candidates for TPU.

Generally, algorithms that are
parallelizable, robust to
asynchronous updates, and
effective with continuous,
high-dimensional data are
the best fit.

While mainstream algorithms like PPO and DDPG currently offer strong performance, new,
biologically plausible learning rules are emerging that strive for improved hardware efficiency
and online learning capability on neuromorphic hardware. TPUv4 can serve as a rapid
prototyping and simulation engine for these novel algorithms.

3. TPUv4 Architecture and RL Acceleration

The TPU v4 chip is optimized for ML workloads. Understanding its components is crucial for

maximizing RL performance:

Architectural Feature

Key Specs

Impact on RL Acceleration

Matrix Multiplication Units
(MXUs)

4 MXUs per TensorCore
(2 TensorCores per
chip). Up to 275
TFLOPS peak
compute (BF16/INT8)
per chip.

Enables extremely fast
computation of deep
neural network
forward and backward
passes, which
dominate RL
policy/value updates.
Vectorization of RL
computation is key to
full utilization.




High-Bandwidth 32 GiB HBM2 per chip, Ensures MXUs are

Memory (HBM) with ~1200 GB/s constantly fed data,
bandwidth. Unified crucial for
memory space high-dimensional
accessible by both observations and
TensorCores. large parallel

environment
samples. Capacity
holds large replay
buffers and multiple
network copies (e.g.,

actor/critic).

Interconnect Topology Six high-speed links per Critical for distributed
chip, forming a RL. Enables nearly
reconfigurable 3D instantaneous
Torus in a TPU pod synchronization of
(up to 4096 chips). gradients or policies
All-reduce bandwidth across thousands of
of 1.1 PB/s across a cores, overcoming
pod. communication

bottlenecks seen in
CPU/GPU clusters.
Ideal for synchronous
training at massive

scale.

SparseCores Dedicated circuits for Indicates architecture's
accelerating capacity for sparse
embedding lookups data, which could
and other sparse potentially be
computations (5-7x leveraged for sparse
faster). SNN connectivity or

event-driven updates,
though currently
mainly used for
embedding tables.




Compiled Execution
(XLA)

graph.

Ahead-of-time
compilation for the
entire computation

Eliminates overhead

(Python calls,
dynamic memory),
enables operation
fusion, and allows for
efficient data
scheduling.
Order-of-magnitude
speedups are
achieved by compiling
the entire RL training
step.

By leveraging these features, TPUv4 accelerates RL in three major ways:

1. Fast Neural Net Compute: Brute-force calculation of policy/value network updates.

units.

Efficient Data Handling: Rapidly swapping observations and parameters into compute

3. Massive Scale-up: Coordinating thousands of parallel actors/learners with minimal
communication overhead.

4. RL Optimization: TPU vs GPU vs CPU

Optimization strategies must be tailored to the platform's architecture. TPUv4 is designed for
maximum throughput at scale, contrasting with the flexibility of CPUs and the balanced
parallelism of GPUs.

Aspect

CPU (e.g., Xeon)

GPU (e.g., A100)

TPU v4

Compute Model

General-purpose,
sequential/bra
nched logic.
Limited matrix
hardware.

Thousands of
cores,
specialized
Tensor Cores.
Excels at
large, parallel
dense tensors
(SIMT).

MXUs (Systolic
Arrays).
Extremely
efficient for
dense linear
algebra. Less
flexible with
irregular
control flow
(SPMD).




Parallelism Goal Running many Data parallelism: Massive
separate Medium-scale Throughput:
environment environment Synchronous
threads instances training
(A3C). (10s—100s) across up to

and fast 4096 chips.

updates. Ideal for
thousands of
parallel
environment
s and large
batches.

Bottleneck Slower neural net Communication Requires
updates; overhead workload to
inter-node beyond single be expressed
communicatio node/chassis; in a parallel,
n latency. limited device static, dense

memory for form

vast (XLA-compati

parallelism. ble). Low
utilization for
small or
irregular
problems.

Best Use Case Complex Training standard Exascale ML:
environment deep RL Training a
physics, policy population of
asynchronous networks; agents,

RL agents, or good balance massive

logic that is of compute hyperparamet

hard to and moderate er sweeps, or

vectorize. parallelism. physics/SNN
simulation
with millions
of steps per

second.




TPUv4 excels when the problem is scaled to a size that fully utilizes its parallel matrix units

and high-speed network. This requires adopting a data-parallel and synchronous
training mindset, favoring methods like large-batch PPO or vectorized, on-device
simulation (e.g., Brax).

5. Mapping Spiking Neural Networks to TPUv4

SNNs pose a challenge due to their event-driven, often sparse nature, which is mismatched

with the TPU’s preference for dense, regular computation.

Strategies for SNN Simulation and Training:

1.

Dense Simulation via Vectorization: SNN dynamics (integration, threshold, reset) can
be unrolled into dense tensor operations that treat a spiking layer as a recurrent network.
While this performs computation for all neurons every timestep (wasting effort on
non-spiking neurons), it keeps the workload vectorized and efficient for MXUs.
Surrogate Gradient Training: The non-differentiable spike function is approximated
with a smoothed derivative, allowing standard backpropagation and optimization to be
used. TPUv4 accelerates this training loop immensely, enabling rapid iteration on SNN
policy parameters.

Event-Driven vs. Clock-Driven: To run SNNs on a clock-driven TPU, a binary
encoding of spikes can be used. Propagating effects via dense matrix operations with
this binary spike matrix maintains vectorization, sacrificing sparsity benefit for compute
throughput.

Distributed Simulation: For extremely large SNNs (millions/billions of neurons), a TPU
pod can be used to partition the network across thousands of cores, using the fast
interconnect for spike communication between partitions.

Hybrid Training/Deployment: The most practical approach: Train a policy on the
TPUv4 (taking advantage of its speed) and then convert the policy to a spiking form for
deployment on energy-efficient neuromorphic hardware. TPUv4 becomes the powerful
"training engine" for neuromorphic Al.

The core rule is to express SNN operations in a way that is compile-friendly for XLA,
maintaining static tensor shapes and avoiding excessive host-device communication or
dynamic on-device control flow.

6. Best Practices for RL on TPUv4 (TensorFlow & JAX)

Optimal performance requires a structured approach that aligns the RL implementation with the

TPU’s architecture:



Practice

Rationale

Framework Implementation

Maximize Parallelism

Fully utilizes MXUs. A
larger batch/parallel
count can be
processed nearly as
fast as a small one.

Large Batches
(hundreds to
thousands of envs).
Use
tf.distribute.TP
UStrategy or JAX
jax.pmap/pjit for
data-parallel training.

End-to-End Compilation

Minimizes host-device
communication and
compiler overhead;
allows XLA to
optimize the full
training step.

Encapsulate the entire
RL step (env
interaction, loss,
update) in a single
tf.functionor
jax.jit-decorated
Python function.

Static Shapes & Control
Flow

XLA requires computation
graphs to be known
ahead of time.
Dynamic shapes
trigger expensive
recompilation.

Use fixed-length
sequences (padding
and masking where
needed) instead of
variable lengths.
Express conditional
logic (if/else) using
vectorized ops like
jnp.where or

tf.where.

Mixed Precision

bfloat16 provides
near-float32 range

with 2x throughput on
MXUs.

Highly Recommended.
Enable via

tf.keras.mixed_p
recision or JAX
jnp.bfloat16 for
weights/activations.
Keep critical




accumulations (e.g.,
Adam optimizer state,
cumulative rewards)
in float32.

Memory Layout

Ensures contiguous data
access and efficient
data feeding.

Use NHWC (Batch,

Height, Width,
Channels) for images.
Use
tf.data.Dataset.
prefetch() for
asynchronous data
loading when using
external replay
buffers.

Profiling and Benchmarking: Use the Cloud TPU Profile tool to measure MXU
utilization, memory throughput, and step time (e.g., steps/sec throughput). High
utilization (80%+) confirms the workload is correctly matched to the hardware.
Benchmark results (e.g., Brax achieving 100x—1000x speedup on Ant-v2 training)
demonstrate the power of this approach when properly implemented.

7. Conclusion

The TPUvVA4 is a transformative accelerator for reinforcement learning, particularly for the
ambitious task of exploring neuromorphic computing. Its power and scalable design

shatter previous computational limits, enabling researchers to:

1. Simulate and train large-scale SNN-based agents at unprecedented speeds.

2. lterate rapidly on bio-inspired algorithms, turning days of work into minutes.

3. Bridge the gap between conventional RL and energy-efficient neuromorphic hardware
by serving as the primary training platform.

By embracing the TPU’s parallel, synchronous computing paradigm and applying the best
practices for code structure and data flow, practitioners can unlock extraordinary performance,
moving closer to developing complex, efficient, and biologically-inspired Al systems.




