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Figure S1: Reaction time and attention check accuracy histograms for MTurk experiments. (A) Reaction time
distribution for all subjects in attention checks during training rounds. subjects were required to click on randomly presented
triangles during the training rounds and their reaction time was recorded. (B) Average accuracy of all subjects on attention
checks during testing rounds. We only used data from subjects who satisfied the criteria delineated in (Sec S1).
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Figure S2: MTurk interface schematics. Screenshots of the MTurk interface during the training rounds (A) and testing
rounds (B).
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Figure S3: Reaction time and attention check accuracy for in-lab experiments. (A) Reaction time distribution for all
subjects in attention checks during training rounds. Subjects were required to click on randomly presented triangles during
the training rounds and their reaction time was recorded. On the x-axis, we show the reaction time in seconds (rounded). (B)
Average accuracy of all subjects in attention checks during testing rounds. All in-lab subjects were included in our analysis,
since all subjects’ data satisfied the inclusion criteria in Sec S1.
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Figure S4: Curriculum effects on performance on NOD for humans and for Vanilla, EWC and LwF CL algorithms
(Sec 3.2, Sec 3.4). We report the average accuracy across all tasks in the left-hand panel for each condition. We also plot α
vs β (Sec 3.3) in the right-hand panel for each condition. The effectiveness measure F (Sec 3.3) incorporates both α and β.



Figure S5: Curriculum agreement (low curriculum discrepancy H) among CL algorithms persists across different
experimental settings on FashionMNIST. The discrepancy between two sets of ranked curricula is measured as H, with
smaller values indicating lower discrepancy and higher curriculum agreement (Sec 3.3). Within each pair of bars, the
discrepancy between pairs of ranked curriculum sets for CL algorithms As (between-algorithms) is presented on the left
(blue), and that between A and the randomly ranked curricula (algorithm-random) is on the right (green). We vary the
number of epochs (A), the learning rates (lr) (B), and the network parameter initialization procedure (C). For visualization
purposes, within each pair of bars, we normalize the H value over between-algorithm and algorithm-random so that the
sum of these two discrepancy values (green + blue) always equals 1. Normalization does not alter the main conclusion that
curriculum discrepancy is always lower in the between-algorithms condition, meaning the same curricula work well (and the
same curricula work poorly) across a range of experimental conditions.

Figure S6: Experimentally determined best and worst curricula on NOD (Sec 3.4) for MTurk (A-B, Sec 3.4) and in-lab
(C-D, Sec S1) human subjects. Each row in the figure is one curriculum. The curricula are arranged from best to worst with
the best curricula at the top.
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Figure S7: Best and worst k curricula on NOD (Sec 3.1) for (A) MTurk human subjects (top 5 vs bottom 5), (B) in-lab
human subjects (top 3 vs bottom 3), (C) Vanilla (top 10 vs bottom 10), (D) EWC (top 10 vs bottom 10), and (E) LwF
(top 10 vs bottom 10). The plot shows the F-scores for the best curricula (red) and the worst curricula (blue) as well as the
statistical significance (* = statistically significant) determined via two-sample t-tests on the F-scores of the best and worst
curricula.
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Figure S8: Empirically determined top-5 curricula on MNIST for Vanilla, EWC and LwF CL algorithms (Sec 3.2) in
paradigm-I (5 classes, Sec 3.1). Each row in the figure is one curriculum. Curricula are in descending order of effectiveness,
with the best curriculum at the top.



Figure S9: Empirically determined top-5 curricula on FashionMNIST for Vanilla, EWC, and LwF CL algorithms
(Sec 3.2) in paradigm-I (5 classes, Sec 3.1). Each row in the figure is one curriculum. Curricula are in descending order of
effectiveness, with the best curriculum at the top.

Figure S10: Empirically determined top-5 curricula on CIFAR10 for Vanilla, EWC and LwF CL algorithms (Sec 3.2)
in paradigm-I (5 classes, Sec 3.1). Each row in the figure is one curriculum. Curricula are in descending order of
effectiveness, with the best curriculum at the top. For ease of interpretation, cartoon images are used to represent each
class instead of actual CIFAR10 images.
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Figure S11: Empirically determined top-5 curricula on MNIST for Vanilla, EWC, and LwF CL algorithms (Sec 3.2)
in paradigm-II (10 classes arranged in 5 binary tasks, Sec 3.1). Each row in the figure is one curriculum. Curricula are in
descending order of effectiveness, with the best curriculum at the top.
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Figure S14: Curriculum affects performance on MNIST for the Vanilla, EWC and LwF CL algorithms (Sec 3.2) in
paradigm-I (5 classes, Sec 3.1). This figure follows the same design conventions as Fig S4.
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Figure S15: Curriculum affects performance on FashionMNIST of the Vanilla, EWC and LwF CL algorithms (Sec 3.2)
in paradigm-I (5 classes, Sec 3.1). This figure follows the same design conventions as Fig S4.



(A) Vanilla

(B) EWC

(C) LwF
Figure S16: Curriculum affects performance on CIFAR10 of the Vanilla, EWC and LwF CL algorithms (Sec 3.2) in
paradigm-I (5 classes, Sec 3.1). This figure follows the same design conventions as Fig S4.
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Figure S17: Curriculum affects learning performance of the (A) Vanilla, (B) EWC, and (C) LwF CL algorithms
(Sec 3.2) across three datasets: MNIST, FashionMNIST, and CIFAR10 (Sec 3.1) in paradigm-I (5 classes, Sec 3.1).
Note that the y-axis does not carry any meaning. All the dots are randomly spread along the y-axis for easy visualization of
the α and β distributions. This figure uses the same design conventions as Fig 2.
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Figure S18: Curriculum affects performance on MNIST of the Vanilla, EWC and LwF CL algorithms (Sec 3.2) in
paradigm-II (10 classes arranged in 5 binary tasks, Sec 3.1). This figure follows the same design conventions as Fig S4.
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Figure S19: Curriculum affects performance on FashionMNIST of the Vanilla, EWC and LwF CL algorithms (Sec 3.2)
in paradigm-II (10 classes arranged in 5 binary tasks, Sec 3.1). This figure follows the same design conventions as Fig S4.
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Figure S20: Curriculum affects performance on CIFAR10 of the Vanilla, EWC and LwF CL algorithms (Sec 3.2) in
paradigm-II (10 classes arranged in 5 binary tasks, Sec 3.1). This figure follows the same design conventions as Fig S4.
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Figure S21: Curriculum affects learning performance of the (A) Vanilla, (B) EWC, and (C) LwF CL algorithms
(Sec 3.2) across three datasets: MNIST, FashionMNIST, and CIFAR10 (Sec 3.1) in paradigm-II (10 classes arranged
in 5 binary tasks, Sec 3.1). Note that the y-axis does not carry any meaning. All the dots are randomly spread along the
y-axis for easy visualization of the α and β distributions. This figure uses the same design conventions as Fig 2.



Figure S22: Like in paradigm-I, in paradigm-II there is agreement among methods in ranking curricula by
effectiveness. Different CL algorithms agree with each other on which curricula are more effective than others, and
also with our CD’s heuristic estimates of relative curriculum optimality. Curriculum discrepancy H (Sec 3.3) is reported
between pairs of CL algorithms (between-algorithms, blue, averaging across all pairs), between CL algorithms and our CD
(algorithm-CD, green, averaging across CL algorithms), and between CL algorithms and the random CD (algorithm-random,
orange, averaging across CL algorithms) across MNIST, FashionMNIST, and CIFAR10 (Sec S8). See Sec S8 for an analysis
of these results.
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Figure S23: Top 10 vs bottom 10 curricula across three datasets and three CL algorithms (Sec 3.2) in paradigm-I (5
classes, Sec 3.1). The top row of plots shows the online setting (single epoch per task), and the bottom row shows the offline
setting with multiple epochs per task. Each plot shows the F scores for the best 10 curricula (red) and the worst 10 curricula
(blue). The statistical significance (* = statistically significant) was determined using two-sample t-tests on the 10 best and
10 worst F scores. See Sec S4, and S11 for results on the impact of curricula in paradigm-I.
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Figure S24: Top 10 vs bottom 10 curricula across three datasets and three CL algorithms (Sec 3.2) in paradigm-II (10
classes arranged into 5 binary tasks, Sec 3.1). See Fig S23 for figure design conventions. See Sec S4 for results on the
impact of curricula in paradigm-II.
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Figure S25: Top 10 vs bottom 10 curricula, and curriculum discrepancy H (Sec 3.3), for a naive replay CL algorithm
across three datasets in paradigm-I (5 classes, Sec 3.1). See Sec.3.2 for the introduction to the naive replay CL algorithm.
Each plot in the top row shows the F scores for the best 10 curricula (red) and the worst 10 curricula (blue). The second
row shows curriculum agreement plots for each dataset (see Sec S10 for details). Statistical significance (* = statistically
significant) was determined using two-sample t-tests between the 10 highest and 10 lowest F or H scores (Sec S13). The
errorbars are the standard deviations over all the test trials. The errorbars are small; and hence, they become almost invisible.
See Sec.S13 for statistical interpretations and analysis.

Figure S26: Strong curriculum effects are observed in the continual visual question answering (VQA) setting. The
left panel shows F scores for the best 5 and worst 5 curricula using the Vanilla and EWC CL algorithms. and the curricula
agreement H plot for continual VQA (Sec S12) on the CLOVER dataset [4]. See Sec S12 for further analysis and details of
VQA experiments.
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Figure S27: Our curriculum designer (CD) predicts optimal curricula more accurately than a random CD in
paradigm-II (10 classes arranged in 5 binary tasks, Sec 3.1). See Fig 4 for the equivalent plots for paradigm-I. The
results are analysed in Sec S7.
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