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How can we reason about our datasets?

Ensuring that our training set represents an adequate variety of scenarios is cru-
cial in ensuring the reliability of deep learning systems. With practical datasets
typically being high-dimensional and large, explaining the adequacy of sample
representation is not straightforward.

• Given a dataset S = {Xi, Yi}Ni=1, we approach this problem by considering
the annotations associated with each datapoint Yi ∼ PS(Y )

• Further, we specify a distribution of annotations PT (Y ), expressing the sam-
ple representation that is expected in the dataset. Deficiencies in our dataset
can then be explained as the mismatch between PT (Y ) and PS(Y ).

• In practice, most datasets are not adequately labeled and PS(Y ) is thus
not available. Combining simulation, outlier detection, input attribution, and
a new overlap index, we show that it is possible to visualize, quantify and
explain sample representation in a comprehensible low-dimensional form,
even when annotations are not explicitly available in S.

Explaining sample representation using
annotations

To investigate the validity of the proposed method, we will consider a dataset of
circles and squares where the true annotations can easily be obtained

Defining an overlap index as

RX = {x ∈ R : PX(x) > 0} (1)

V (PX , PY ) = I
λ(RX ∆ RY )

λ(RX ∪ RY )
, I =

{
−1 RY ⊂ RX
+1 otherwise

(2)

V j(P ) = V (PS(Y j |Y 1), P (Y j |Y 1)), j = 2...6 (3)

The mismatch between PT (Y ) and PS(Y ) can then be visualized and quantified.

Explaining sample representation using simulation

When labelling is not possible, we can recognize that parametric simulation can invert the
labelling process. Exploiting this notion, we explain sample selection bias with a 2-step
process (i) detecting outlier annotations and (ii) estimating marginal sample representation.

Step 1 - Detecting outlier annotations

We work under the following assumption - a test annotation Ŷi, that is unlikely to be observed
in S, maps to a simulated test sample X̂i = G(Ŷi), that appears as an outlier to S. This
converts the problem of exploring sample representation to one of outlier detection.

Step 2 - Estimating marginal sample
representation

Shapley Additive Explanations (SHAP) enables us to assess individual design
concerns like size, position, and brightness.

Si = ES(Ŷi, F, T ) = φ0 +

6∑
j=2

φ
j
i (4)

This allows us to estimate the marginal sample representation, a proxy for veri-
fying our design concerns.

P+
T (Y j = l |Y 1 = k) =

|{Ŷ ji : φ
j
i ≥ 0, Ŷ

j
i ∈ Y

l}|
|{Ŷ ji : φ

j
i ≥ 0}|

, j = 2...6, Ŷi ∈ Ŷ

Y l = {l − δ, l + δ}, Ŷ = {Ŷi : Ŷ 1
i = k}, k ∈ K

(5)

The marginal sample representations P+
T can then act as a substitute for the

marginal distributions of PS(Y ).

Conclusion

There is a need to understand the sample representation in the training data to
ensure reliability of the trained model. We approach this problem through an-
notations associated with each data point. On a dataset of circles and squares,
we show that through a combination of simulation, outlier detection and input
attribution, it is possible to obtain a visualization and quantification of the sample
representation without a need for an expensive labelling system.
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