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S1. SUPPLEMENTARY METHOD 1

For the regression of the anomalous diffusion exponent
α we evaluate the mean absolute error (MAE), defined
as

MAE =
1

N

N∑
i=1

|αi,gt − αi,pred|, (1)

where αi,gt and αi,pred are the ground truth and pre-
dicted anomalous diffusion exponent of the ith of the N
trajectories contained in the test data set.

To quantify classification performance we use the ac-
curacy, which is the fraction of correct classifications.

Reliability diagram and calibration error In or-
der to assess the quality of uncertainty predictions we use
reliability diagrams [1]. In these one illustrates observed
errors as a function of predicted uncertainties. For clas-
sification tasks we divide the interval [0, 1] into M bins
Im = (m−1

M , m
M ]. If Bm is the set of trajectories with

predicted confidences pi ∈ Im, then the accuracy in this
interval is given as

acc(Bm) =
1

|Bm|
∑
i∈Bm

1(ŷi = yi), (2)

where ŷi,yi are the ground truth and predicted model of
input i. The mean predicted confidence of this set is

conf(Bm) =
1

|Bm|
∑
i∈Bm

pi, (3)

where pi is the predicted confidence of the model pre-
diction of the ith input. In a perfectly calibrated model
accuracy and confidence coincide for all bins, which corre-
sponds to the diagonal in the reliability diagram. Any de-
viations from the identity represent miscalibration, which
we summarise using the expected calibration error (ECE),
defined as [1, 2]

ECE =

M∑
m=1

|Bm|
N

|acc(Bm)− conf(Bm)| , (4)

where N is the number of samples in the test set.
Similarly, we can construct a reliability diagram for the

regression of the anomalous diffusion exponent [3]. Here
the roles of the mean confidence and the accuracy are
taken by the predicted root mean variance (RMV) and
the observed root mean squared error (RMSE). By intro-
ducing a binning of the predicted standard deviation into

intervals Im = ((m − 1)∆σ,m∆σ] of size ∆σ, we define
Bm as the set of trajectories with a predicted standard
deviation σi,pred ∈ Im and obtain

RMSE(Bm) =

√
1

|Bm|
∑
i∈Bm

(αi,gt − αi,pred)2 (5)

RMV(Bm) =

√
1

|Bm|
∑
i∈Bm

(σi,pred)2. (6)

As above, coinciding RMSE and RMV in all bins rep-
resent a perfectly calibrated model. Deviations from the
ideal error prediction are represented by the expected cal-
ibration error (ECE)

ECE =
∑
Bm

|Bm|
N

|RMV(Bm)− RMSE(Bm)|, (7)

which can be modified to obtain the expected normalised
calibration error (ENCE) [3]

ENCE =
∑
Bm

|Bm|
N

|RMV(Bm)− RMSE(Bm)|
RMV(Bm)

. (8)

S2. SUPPLEMENTARY FIGURES

Here we provide additional figures with details refer-
enced in the main text.
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FIG. S1: Predicted error histograms split by exponent and noise for each model for lengths T = 10 and T = 500. The
used networks were trained on data sets only containing the one respective diffusion model and the results are obtained from
predictions based on 5× 104 (FBM,SBM) or 4× 104 (ATTM,LW,CTRW) trajectories.
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FIG. S2: Error histograms for classification split by (a) ground truth model, (b) ground truth exponent, and (c) by the used
noise.
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