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Supplementary Figures
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Figure S1: Initial sampling. An illustration of the initial sampling strategy in a 2D latent space. In this
example we conduct m = 3 rounds of sampling. In every round, we iteratively sample n = 2 windows from
the currently active search neighborhood (indicated by the shaded background) that are located in dense
neighborhoods and far from already sampled windows. The search neighborhood includes the r windows that
are closest to the search query. The “radius” r, that is initially set to 5, is doubled in every iteration. Finally,
to avoid sampling from the same neighborhood multiple times, windows that appeared in previous search
neighborhoods are excluded from subsequent rounds. Our rationale is to select a diverse set of sample while

still ensuring that the sample set includes positive windows that are very close to the search target. This is
important for balancing the label set and to keep the user motivated during the initial labeling.
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Figure S2: Initial sampling. An illustration of the uncertainty sampling strategy in a 2D latent space. In this
example, we have already labeled 6 windows as indicated by the blue and pink outline around 6 dots. We are
not about to sample n? = 2 windows. The goal is to sample windows that are close to the target, are located
in dense k-NN neighborhoods, are far away from already sampled windows, and have high uncertainty. In
this example, we samples the two windows with the yellow outline since they are both relative close to the
target, highly uncertain, and in dense neighborhoods. Other potential candidates, which are highlighted with a
green asterisks, are not sampled because they are either too far away from the search query, are not uncertain
enough, or are too far away from their 5-nearest neighbors.
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Figure S3: Reconstruction of the 3 kb DNase-seq CAE. We show a randomly chosen set of non-empty
windows from the test set. Gray bars indicate the raw data and green and blue superimposed bars show
the reconstruction. Green bars indicate windows that contain at least one computationally-derived peak
annotation from the ENCODE project.



Figure S4: Reconstruction of the 12 kb DNase-seq CAE. We show a randomly chosen set of non-empty
windows from the test set. Gray bars indicate the raw data and green and blue superimposed bars show

the reconstruction. Green bars indicate windows that contain at least one computationally-derived peak
annotation from the ENCODE project.



S IOTIE T T D T T R R RO A
o 5 10 aa 10

Figure S5: Reconstruction of the 120 kb DNase-seq CAE. We show a randomly chosen set of non-empty
windows from the test set. Gray bars indicate the raw data and green and blue superimposed bars show

the reconstruction. Green bars indicate windows that contain at least one computationally-derived peak
annotation from the ENCODE project.



Figure S6: Reconstruction of the 3 kb histone mark ChIP-seq CAE. We show a randomly chosen set of
non-empty windows from the test set. Gray bars indicate the raw data and green and blue superimposed bars
show the reconstruction. Green bars indicate windows that contain at least one computationally-derived peak
annotation from the Roadmap Epigenomics project.



Figure S7: Reconstruction of the 12 kb histone mark ChIP-seq CAE. We show a randomly chosen set of
non-empty windows from the test set. Gray bars indicate the raw data and green and blue superimposed bars
show the reconstruction. Green bars indicate windows that contain at least one computationally-derived peak
annotation from the Roadmap Epigenomics project.



Figure S8: Reconstruction of the 120 kb histone mark ChIP-seq CAE. We show a randomly chosen set
of non-empty windows from the test set. Gray bars indicate the raw data and green and blue superimposed
bars show the reconstruction. Green bars indicate windows that contain at least one computationally-derived
peak annotation from the Roadmap Epigenomics project.



Training on DNase-seq windows of 3 kilobase pairs
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Figure S9: Training and validation loss of the 3 kb DNase-seq CAE. Total training time was 5 days and
13 hours.
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Figure S10: Training and validation loss of the 12 kb DNase-seq CAE. Total training time was 7 days and
15 hours.
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Figure S11: Training and validation loss of the 120 kb DNase-seq CAE. Total training time was 3 days
and 5 hours.



Figure S12:Training and validation loss of the 3 kb histone mark ChlP-seq CAE.Total training time
was 4 days and 2 hours.

Figure S13:Training and validation loss of the 12 kb histone mark ChIP-seq CAE.Total training time
was 5 days and 6 hours.

Figure S14:Training and validation loss of the 120 kb histone mark ChlP-seq CAETotal training time
was 1 days and 18 hours.
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Figure S15:Similarity Comparison of 12kb windows.
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Figure S16:Similarity Comparison of 3kb windows.
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Figure S17:Similarity Comparison of 120kb windows.
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Figure S18:User Study 1 Task. An example task of the rst user study for groupwise visual similarity
comparison of the 5-nearest neighbors from all seven techniques. As a pre-study showed that comparisons
can be hard when there are multiple group with good matches we ask the Amazon Mechanical Turkers to

select the most and second most similar group of patterns.

Figure S19:User Study 2 Task.An example task of the second user study for pairwise visual similarity
comparison of the 5-nearest neighbors from our technique and Euclidean distance (ED).
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Figure S20:Results of the Similarity Comparison. Results for the subjective similarity comparison are
shown as votes per technigue per target pattern per pattern size. More votes mean that participants regarded
the results to be visually more similar to the target. The highest votes are indicated by a dot. Results for our

method (CAE) are drawn in blue.
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Figure S21:.User Study 2 Results per Nearest NeighboResults of the second user study for all the ve
pairwise comparisons of the nearest neighbors between our model (CAE) and Euclidean distance (ED).
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Figure S22:Use Case 1: Asymmetrical Peak: Step IStart search.
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Figure S23:Use Case 1: Asymmetrical Peak: Step 2nitial labeling is done. Inspecting the embedding
view and the progress.
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Figure S24:.Use Case 1: Asymmetrical Peak: Step 3nspecting initial results.
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Figure S25Use Case 1: Asymmetrical Peak: Step 450ing through results, boosting true positives, and
cleaning false positives.
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Figure S26:Use Case 1: Asymmetrical Peak: Step 3nspecting results after the retraining the classi er.
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Figure S27:Use Case 1: Asymmetrical Peak: Step 8nspecting unlabeled results.
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Figure S28Use Case 1: Asymmetrical Peak: Step Adjusting the prediction probability while looking
at the boundary.
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Figure S29:Use Case 1: Asymmetrical Peak: Step 8dentify that con icts exist at the new prediction
probability threshold.
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Figure S30:Use Case 1: Asymmetrical Peak: Step 9/iewing con icting windows.
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Figure S31:Use Case 1: Asymmetrical Peak: Step 10mproving results using selected windows in a
certain local neighborhood.
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Figure S32:Use Case 1: Asymmetrical Peak: Step 11mproving results further using selected windows
in a certain local neighborhood.
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Figure S33:Use Case 1: Asymmetrical Peak: Step 1ZEinal result.
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Figure S34.Use Case 2: Differential Peak: Step llnitial classi er after loading the labels.
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Figure S35:Use Case 2: Differential Peak: Step 2lnspect top results.
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