
High-performance backpropagation in Scientific Computing
Navjot Kukreja 1 Jan Hückelheim (advisor) 2 Paul H J Kelly (advisor) 1 Gerard J. Gorman (advisor) 1

Imperial College London 1, Argonne National Laboratory 2

Motivation - Seismic Imaging

Figure 1: Offshore seismic survey (Source: OpenLearn)

The wave equation (Equation 2) can be solved
to simulate the propagation of seismic waves
through the earth. Given a source signal and the
earth’s physical parameters, we can solve the
PDE using a numerical scheme (in this case
explicit finite difference with Devito) to simulate
the signal received at the hydrophones.

Figure 2: Marmousi velocity model

To convert from the received signal (Figure 1) to
an image of the earth’s subsurface (Figure 2),
we can set up an optimization problem (Full
Waveform Inversion) that finds the values for
the earth’s physical parameters that minimize
the difference between the simulated signal at
receivers and the observed signal.

The gradient of the least squares objective
function with respect to the model parameter
m is given by [1]:

∇s(m) =
nt∑︁
t=1

u[t]vtt[t] (1)

where u[t] is the wavefield in the forward
problem and vtt[t] is the second-derivative of
the adjoint field. The computation of this
gradient is what we call backpropagation.

F(0) F(1) F(2) · · · F(n)

R(n)· · ·R(2)R(1)R(0)

We would like to address some performance
issues inherent to this backpropagation, in a
Domain-Specific Language, automatically.

The Devito Domain-Specific Language

Devito is a Domain-specific
language for the automatic generation of
high-performance finite-difference solvers.

⎧⎪⎪⎪⎨⎪⎪⎪⎩
md2u(x,t)

dt2 − ∇2u(x, t) = qs
u(.,0) = 0
du(x,t)

dt |t=0 = 0

(2)

e = m * u.dt2 - u.laplace
stencil = Eq(u.forward, solve(e, u.forward))
op = Operator([stencil], ...)
op.apply(...)

void finite_difference_solver(...) {
//...impenetrable "performance optimized" code

}

Automatic Differentiation of Stencils
Problem 1: Gradient must be formulated by hand -
restricting the possible choices of equations and objective
functions. Automatically generated derivatives of stencils
(gathers) are scatter operations.
Solution 1: Automatically generate (parallel) derivatives
for stencil operations and rearrange them back into
stencils.

Figure 3: Parallel derivatives of stencils

Figure 4: The transformation to convert the scatter back
into a gather

Checkpointing
Problem 2: Storing intermediate states from the forward
computation requires too much memory.
Solution 2a: Save a subset of states and rerun the forward
computation when required. (Memory-compute tradeoff)

Figure 5: Timeline for conventional adjoint, Revolve
checkpointing, and asynchronous multistage

checkpointing.

Lossless/Lossy Compression
Solution 2b: Combine checkpoint-restart with
lossless/lossy compression.

Figure 6: Compression ratios through simulation using ZFP
at tolerance 10−3
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Timesteps: 2526, 
Size of checkpoint (MB): 891.032828, 
Time for compute step (s): 1.11, 
Bandwidth (MB/s): 8139.2, 
Compression Factor: 41, 
Compression Time (s): 0.36, 
Decompression time (s): 1.6, 
Theoretical decompression time (s): 0.396, 
Platform: Skylake

Figure 7: Speedup when using compression as compared
to only recomputation for varying amount of memory
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