BFS demography string
-en 0.000038 0 1.001158 -en 0.000077 0 1.004693 -en 0.000117 0 1.017850
-en 0.000157 0 1.019335 -en 0.000198 0 1.022229 -en 0.000240 0 1.025899
-en 0.000282 0 1.030126 -en 0.000326 0 1.030824 -en 0.000369 0 1.031031
-en 0.000459 0 1.031171 -en 0.000891 0 1.030126 -en 0.000943 0 1.027106
-en 0.000995 0 1.019246 -en 0.001047 0 1.019335 -en 0.001100 0 1.019086
-en 0.001154 0 1.019246 -en 0.001209 0 1.020601 -en 0.001265 0 1.018926
-en 0.001321 0 1.013910 -en 0.001378 0 1.004683 -en 0.001435 0 1.000118
-en 0.001493 0 0.985278 -en 0.001551 0 0.967523 -en 0.001608 0 0.621680
-en 0.001646 0 0.599478 -en 0.001683 0 0.583576 -en 0.001719 0 0.576138
-en 0.001756 0 0.564006 -en 0.001792 0 0.559137 -en 0.001829 0 0.555749
-en 0.001866 0 0.552085 -en 0.001904 0 0.551380 -en 0.001942 0 0.550215
-en 0.002059 0 0.550213 -en 0.002226 0 0.550215 -en 0.002751 0 0.550213
-en 0.004234 0 0.550215 -en 0.004410 0 0.549391 -en 0.004502 0 0.549190
-en 0.004596 0 0.523247 -en 0.004688 0 0.219782 -en 0.004727 0 0.218488
-en 0.005243 0 0.218480 -en 0.005416 0 0.217284 -en 0.005477 0 0.217170
-en 0.005607 0 0.217036 -en 0.005675 0 0.216631 -en 0.005818 0 0.216410
-en 0.006054 0 0.215218 -en 0.006138 0 0.215008 -en 0.006226 0 0.214357
-en 0.006317 0 0.214284 -en 0.006412 0 0.213176 -en 0.006510 0 0.213172
-en 0.006613 0 0.212340 -en 0.006721 0 0.211736 -en 0.006833 0 0.211688
-en 0.006950 0 0.211334 -en 0.007630 0 0.127176 -en 0.007725 0 0.124824
-en 0.008040 0 0.128665 -en 0.008162 0 0.133725 -en 0.008297 0 0.137004
-en 0.008444 0 0.140183 -en 0.008606 0 0.143539 -en 0.008782 0 0.147709
-en 0.008978 0 0.155927 -en 0.009200 0 0.160223 -en 0.009446 0 0.165811
-en 0.009723 0 0.168947 -en 0.010029 0 0.177921 -en 0.010380 0 0.211421
-en 0.010838 0 0.230486 -en 0.011387 0 0.238488 -en 0.012014 0 0.215713
-en 0.012645 0 0.155886 -en 0.013155 0 0.078653 -en 0.013444 0 0.042227
-en 0.013620 0 0.018138 -en 0.013706 0 0.015204 -en 0.013790 0 0.014786
-en 0.013884 0 0.014356 -en 0.014124 0 0.017850 -en 0.014322 0 0.039856
-en 0.014876 0 0.100438 -en 0.016669 0 0.262716 -en 0.022924 0 0.049834
-en 0.024585 0 0.009407 -en 0.025056 0 0.001776 -en 0.025204 0 0.007266
-en 0.026415 0 0.038498
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⇠ U (0.0, 0.2)

⇠ U (0.0, 0.2)

discoal 100 200 110000
-Pt 528 1584 -r 880

Initial selected frequency of soft sweep

Example
command
line for neutral simulation

discoal 100 200 110000 Pt 528 1584 -r 880

⇠ U (0.0, 0.2)

⇠ U (0, 0.05)

⇠ U (2.5 ⇥ 103 , 2.5 ⇥ 104 )

880

discoal 20 200 55000 -Pt
1750.204699
17502.046985
Pre 19252.251684 57756.755051
<BFS Demography>*

⇠ U (0.0, 0.2)

⇠ U (0, 4 ⇥ 10 5 )

discoal 20 200 55000 -Pt
1750.204699
17502.046985
Pre 19252.251684 57756.755051
<BFS Demography>*

⇠ U (0.0, 0.2)

⇠ U (0, 4 ⇥ 10 5 )

⇠ U (2.5 ⇥ 104 , 2.5 ⇥ 105 )

⇠ U (19252.2, 57756.8)

⇠ U (19252.2, 57756.8)
⇠ U (2.5 ⇥ 103 , 2.5 ⇥ 104 )

Burkino Faso Demography
(strong selection)
⇠ U (1750.2, 17502.0)

Burkino Faso Demography
(moderate selection)
⇠ U (1750.2, 17502.0)

BFS Demography is given in a the preceding supplement subsection

discoal 100 200 110000 Pt 528 1584 -r 880

⇠ U (0, 0.05)

⇠ U (2.5 ⇥ 102 , 2.5 ⇥ 103 )

⇠ U (25, 2.5 ⇥ 102 )

⇠ U (0, 0.05)
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Fixation time of sweep

Mutation rate
(4NL, where L is the
length of the simulated chromosome)
Recombination rate
(4NrL)
Selection coefficient
for sweeps (2Ns)

Equilibrium
(strong selection)
⇠ U (528, 1584)

Table S1: Parameters used for simulating training and test datasets

Equilibrium
(moderate selection)
⇠ U (528, 1584)

Equilibrium
(weak selection)
⇠ U (528, 1584)

discoal 20 200 55000 -Pt
1750.204699
17502.046985
Pre 19252.251684 57756.755051
<BFS Demography>*

⇠ U (0.0, 0.2)

⇠ U (0, 4 ⇥ 10 5 )

⇠ U (2.5 ⇥ 102 , 2.5 ⇥ 103 )

⇠ U (19252.2, 57756.8)

Burkino Faso Demography
(weak selection)
⇠ U (1750.2, 17502.0)

#Haps
20
40
60
80
100

CNN 3x accuracy
0.847
0.904
0.927
0.934
0.922

CNN 12x accuracy
0.840
0.900
0.917
0.934
0.943

Table S2: Comparison of two CNN architectures with di↵erent sized convolution kernels. Here we present multiclass accuracy calculated at various sample sizes
for the CNN presented in the main text (labelled CNN 3x accuracy) in comparison to
a CNN which we trained with convolutional kernels of size 12x3 and 12x2 respectively
(labelled CNN 12x accuracy). This latter structure e↵ectively removes any dependence
of summary statistic row order in our input images, and turns the architecture into a one
dimensional convolution. Simulation parameters used here are those presented in Figure
5. No substantial di↵erences in performance are noted.
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Figure S1: Image instances from single simulations of three classes. Here we
should representative images from individual simulations of neutral loci, soft sweeps, and
hard sweeps in the left, center, and right columns respectively. Each image represents a
di↵erent simulation. These simulations were performed under constant population size
with parameters according to Figure 1.
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Figure S2: Multiclass classification accuracy for diploS/HIC and related classifiers with strong selection. Here we compare the multiclass classification accuracy of
four related classifiers: the original S/HIC classifier (“ETC haploid”), a S/HIC classifier
which uses a CNN rather than an ETC (“CNN haploid”), our new classifier for unphased data trained with an ETC (“ETC”), and finally our new classifier training with
a CNN (“CNN”). Simulation parameters are as in Figure 5 but with stronger selection,
↵ ⇠ U (2500, 25000)
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Figure S3: Multiclass classification accuracy for diploS/HIC and related classifiers with weak selection. Here we compare the multiclass classification accuracy of
four related classifiers: the original S/HIC classifier (“ETC haploid”), a S/HIC classifier
which uses a CNN rather than an ETC (“CNN haploid”), our new classifier for unphased data trained with an ETC (“ETC”), and finally our new classifier training with
a CNN (“CNN”). Simulation parameters are as in Figure 5 but with stronger selection,
↵ ⇠ U (25, 250)
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Figure S4: ROC curves showing the true and false positive rates for various
classifiers with strong selection. Here we show ROC curves for the binary classification task of Hard and Soft vs linked and neutral regions. ROC curves are shown for both
unphased and phased data classifiers as well as for the two machine learning algorithms
considered. These simulations were run with the same parameters as those in Figure 6
but with stronger selection, ↵ ⇠ U (2500, 25000) Each panel represents a di↵erent sample
size of haploid chromosomes from n = {20, 40, 60, 80, 100}.
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Figure S5: ROC curves showing the true and false positive rates for various
classifiers with weak selection. Here we show ROC curves for the binary classification
task of Hard and Soft vs linked and neutral regions. ROC curves are shown for both
unphased and phased data classifiers as well as for the two machine learning algorithms
considered. These simulations were run with the same parameters as those in Figure 6
but with stronger selection, ↵ ⇠ U (25, 250) Each panel represents a di↵erent sample size
of haploid chromosomes from n = {20, 40, 60, 80, 100}.
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Figure S6: Confusion matrices of subwindows across a recombining chromosome with weak selection. On the y-axis the location of the classified subwindow
relative to the sweep is shown while the x-axis shows the predicted class for each subwindow from diploS/HIC. These results are from simulations using the same parameter
set as in Figure 6 with the exception of selection which is an order of magnitude weaker,
↵ ⇠ U (25, 250), and again using a sample size of n = 60 haploid chromosomes
.
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Figure S7: Multiclass classification accuracy for diploS/HIC and related classifiers for Anopheles demographic history with strong selection. Here we compare
the multiclass classification accuracy of four related classifiers across a variety of sample
sizes: the original S/HIC classifier (“ETC haploid”), a S/HIC classifier which uses a CNN
rather than an ETC (“CNN haploid”), our new classifier for unphased data trained with
an ETC (“ETC”), and finally our new classifier training with a CNN (“CNN”).
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Figure S8: Multiclass classification accuracy for diploS/HIC and related classifiers for Anopheles demographic history with weak selection. Here we compare
the multiclass classification accuracy of four related classifiers across a variety of sample
sizes: the original S/HIC classifier (“ETC haploid”), a S/HIC classifier which uses a CNN
rather than an ETC (“CNN haploid”), our new classifier for unphased data trained with
an ETC (“ETC”), and finally our new classifier training with a CNN (“CNN”).
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Figure S9: Confusion matrices of diploS/HIC for an Anopheles gabiae demographic history with strong selection. On the y-axis the location of the classified
subwindow relative to the sweep is shown while the x-axis shows the predicted class for
each subwindow from diploS/HIC. These results are from simulations using the parameters reflecting the population history of a BFS sample of Anopheles gambiae, using a
sample size of n = 60 haploid chromosomes. Here we have simulated sweeps with very
strong selection coefficients ↵ ⇠ U (2.5 ⇥ 104 , 2.5 ⇥ 105 )
.
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Figure S10: Confusion matrices of diploS/HIC for an Anopheles gabiae demographic history with weak selection. On the y-axis the location of the classified
subwindow relative to the sweep is shown while the x-axis shows the predicted class for
each subwindow from diploS/HIC. These results are from simulations using the parameters reflecting the population history of a BFS sample of Anopheles gambiae, using a
sample size of n = 60 haploid chromosomes. Here we have simulated sweeps with weaker
selection coefficients,↵ ⇠ U (2.5 ⇥ 102 , 2.5 ⇥ 103 )
.
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Figure S11: ROC curves showing the e↵ect of model misspecification on performance of diploS/HIC in comparison to S/HIC. Here we compare the performance of
diploS/HIC and S/HIC in the case where the demographic model is terribly mis-specified
vs. properly specified. For this example we train using either the BFS Anopheles demographic parameters (i.e. Figure 9) or constant population size (i.e. Figure 5) and
then test on simulations drawn from BFS parameters. This amounts to catastrophic
model misspecification where rather than accounting for the strong population growth in
the test set, training ignores the demography completely. As we have shown previously,
S/HIC is quite robust to such model misspecification, and indeed diploS/HIC shares this
property.
.
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Figure S12: Accuracy of classifiers at various rates of phasing switch error Here
we show multiclass accuracy of three classifers: our original S/HIC (labeled ETC haploid),
the haploid version of diploS/HIC (labeled CNN haploid), and the diploid version of
diploS/HIC (labeled CNN) as the rate of phasing switch error increases.
.

38

