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Numerical Python
NumPy: array-based programming model

SciPy: scientific computing operations

CuPy: GPU-backed arrays

Numba: JIT compilation

Autograd: autodifferentiation

TensorFlow: machine learning operations

PyTorch: eager execution; model-building syntax



JAX provides a familiar 
NumPy-style API.

Familiar API



import jax.numpy as jnp

def forward(params, inputs):
  for W, b in params:
    outputs = inputs @ W + b
    inputs = jnp.maximum(outputs, 0)
  return outputs

def loss(params, x, y):
  predicted_y = forward(params, x)
  return jnp.sum((predicted_y - y) ** 2)
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  ...

def loss(params, x, y):
  ...

grad_fn = jit(grad(loss))

jit: compilation + autoparallelism

grad: reverse-mode autodifferentiation

jvp: forward-mode autodifferentiation

vmap: autobatching

jacfwd (=vmap+jvp): jacobians
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+more advanced stuff:

linearize,
linear_transpose,
...



JAX provides a familiar 
NumPy-style API.

JAX includes composable 
function transformations for 
compilation, batching, 
autodiff, and autoparallel.

The same code executes on 
multiple backends, including 
CPU, GPU, & TPU

Familiar API Transformations Run Anywhere
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  ...
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  ...

grad_fn = jit(grad(loss))
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Runs on a cluster of 32 GPUs

…or more!
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JAX is:

● *Much* faster for scientific computing.

● Advanced features:

○ forward-mode autodiff

○ vmap

○ scientific ecosystem

● Trade-off: trickier to use.

PyTorch?
JAX has:

● Fewer correctness issues.

● More mature autodiff.

● Large-scale autoparallel.

● Trade-off: fewer niche features.

Julia?

Notably used by:

Google/DeepMind;
Many (most?) frontier labs;
Astrophysicists.

Notably used by:

OpenAI
About 90% of academia.

Notably used by:

MIT.
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Diffrax
ODE + SDE (+ some PDE) solvers.

Let’s take advantage of first-class autodiff!

from diffrax import diffeqsolve, ODETerm, Kvaerno5
import jax.numpy as jnp

term = ODETerm(...)
solver = Kvaerno5()  # implicit solver; Jacobian found using autodiff!
y0 = jnp.array(...)

solution = diffeqsolve(term, solver, t0=0, t1=1, dt0=0.1, y0=y0)
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1. ODE + SDE (+ some PDE) solvers;
○ DDE and DAE solvers?

2. High order, implicit, IMEX, symplectic;
3. Save at time points; dense output;
4. Multiple methods for backpropagation;

e.g. Griewank-style recursive checkpointing.
5. Adaptive step size controllers (PID etc.)
6. Event handling; discontinuities;
7. Distributed computing; GPU/TPU support;
8. …
9. etc!

Diffrax also introduces an approach to unifying diffeq 
numerics, via rough path theory. “SDDAEs” anyone?!

…torchdiffeq?
● Much faster (200x – b/c PyTorch vs JAX)
● Loads more features
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JIT-time shape-checks. Uses a mini-DSL to describe shapes (anonymous, variadic, symbolic, fixed, etc.)

jaxtyping
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Thank you for your attention!
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