
Scaffolding Simulations with Deep Learning 
for High-Dimensional Deconvolution

We introduce and extend the OmniFold 
method: an EM-style, likelihood-free approach 
to deconvolution that is unbinned and can 
process variable- and high-dimensional data.

A classifier trained to distinguish two datasets with e.g. cross entropy will 
asymptotically learn the likelihood ratio between the underlying generative 
models.  This ratio can reweight one dataset to statistically match another.  
Step 1 reweights the synthetic detector-level (Simulation) to match Data.  
The weights from Simulation are then assigned to the synthetic pre-detector 
examples (Generation).  Step 2 builds a proper function of the Generation 
phase space.  This process is then repeated.

• Noise processes.  In many cases, the data is a coherent superposition 
of a signal process and a background process. 

• Detector acceptance.  The detector elements may not capture all signal 
process examples due to finite thresholds and other acceptance effects. 

• Detector distortions.  This is the classical convolution of the data with a 
noise function that must be statistically removed.  

• Detector efficiency.  The definition of a “signal event” may include a 
restricted phase space.

Correcting Detector Distortions
We use a synthetic dataset that has pre- and post-detector examples which 
are matched to each other.  A series of weights are constructed using neural 
networks as likelihood-ratio approximators. 

The Unfolding Challenge
Deconvolution (also known as Unfolding) is particularly challenging when 
the data have a complex structure.

For example, in collider physics, the data are naturally represented as an 
unordered and variable-length set of particles.  Each particle has a 
momentum and possibly other attributes (e.g. electric charge).

Numerical Results
OmniFold has been demonstrated on variable- and high-dimensional data, 
but for illustrating the extended version, here are Gaussian examples.

First, a one-dimensional Gaussian example:

A schematic diagram of a proton-proton collision at the Large Hadron Collider.  The left part of each diagram represents the sub-nuclear 
physics of particle production and decay that we want to infer from the detector measurements represented in the right part of each diagram.
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A complete deconvolution algorithm must account for four effects:
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Figure 1: The complete OMNIFOLD protocol for the one-dimensional Gaussian example. His-
tograms on the left (right) are shown after (before) detector distortions. The final result after three
iterations is indicated with the weights wk=3

Step I on the left and wk=3
Step II on the right.

x̄ mean (⇥102) x̄ standard deviation (⇥103)
iterations ! 1 2 4 8 1 2 4 8

N
1 21.62(8) 25.13(8) 28.12(8) 29.67(8) 8.4(5) 8.3(6) 8.0(7) 7.9(7)
2 28.54(5) 29.24(6) 29.88(6) 30.06(5) 5.3(4) 5.6(4) 5.2(4) 4.8(4)
3 29.54(4) 29.91(4) 30.02(4) 30.00(4) 3.6(3) 4.4(4) 3.6(3) 4.0(3)
4 29.89(3) 30.01(3) 30.01(3) 30.01(3) 3.2(2) 2.8(2) 3.1(2) 3.1(2)

5 30.04(3) 30.00(3) 29.99(4) 30.06(3) 3.5(3) 3.1(2) 3.8(3) 3.1(2)

Table 1: The average and standard deviation of the mean x̄ of the unfolded X̂T in the multidimen-
sional Gaussian example. Uncertainties are determined over 100 identical experiments. Bolded
values are within 2� of the correct value (left) or are consistent with the smallest uncertainty (right).

agrees well with the noiseless data (dark grey). This comparison would not be possible in practice
as the noiseless data are not available. The outcome of OMNIFOLD (ii) is shown at detector-level on
the left and prior to detector-effects on the right. The orange dashed line (detector-level) agrees well
with the black unfilled histogram (left) and the black unfilled histogram on the right agrees well with
the green filled histogram. The data are binned for illustration, but the result is naturally unbinned.

OMNIFOLD can readily process multidimensional data. Table 1 presents the results of experiments
conducted for XT ⇠ N (0.3, 0.5), XG ⇠ N (0, 1) and XD = XT +

P4
i=1 Zi, XS = XG +P4

i=1 Zi where Zi ⇠ N (0, 1). There are no noise, efficiency, or acceptance effects. We consider
5 scenarios where the deconvolution is performed using only XD and XS , XD, XS , Z0, ..., and
XD, XS , Z0, ..., Z4. For the five-dimensional case, there are actually no resolution effects since XT

can be uniquely determined from XD and the Zi. The table shows that more features leads to better
accuracy and precision for fewer iterations of the algorithm.

By using classifiers instead of ratios of density estimators for the weighting steps, we can also make
use of advances in classification networks to handle complex and structured data. For example, deep
sets (Zaheer et al. (2018); Komiske et al. (2019)) was used for a permutation-invariant and variable-
length example from collider physics in Ref. (Andreassen et al. (2020)), excluding background noise
and acceptance/efficiency effects.

4

Extending OmniFold
Phys. Rev. Lett. 124 (2020) 182001 showed how OmniFold can correct for 
detector distortions.  In this work, we show that it can also be used to 
statistically subtract noise and detector acceptance and efficiency effects.

Noise processes are statistically subtracted using Neural Positive 
Reweighting (Nachman and Thaler, Phys. Rev. D 102 (2020) 076004):  
a classifier is trained to distinguish {data} from {data, noise} where the noise 
in the latter set are given a weight of -1. 

Acceptance and Efficiency effects are corrected for by including a special 
symbol for examples that lack a pre- or post-detector component.  These are 
then propagated through the entire analysis.
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The fact that the black outline and green filled histogram agree in the right 
plot shows that the method works.  Note that the data are binned for 
illustration, but the actual result is unbinned.

Next is a multidimensional example.  The target is a 1-dimensional 
Gaussian to which 4 additional Gaussians have been added.  The unfolding 
is done using either the full sum (N=1), the sum plus the first Gaussian 
noise dimension (N=2), etc.

The fact that the mean (left) and standard error (right) are smaller when 
more dimensions are included in the deconvolution shows the power of 
adding more information.  In contrast to other algorithms, adding additional 
dimensions in OmniFold is as easy as changing an n to an n+1 in one line 
of python!


