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Abstract

erated using state of the art models [4], and demonstrate
a good correlation between CIDEr-D scores (popular
NL metric) and predictive entropy.
Uncertainty quantiﬁcation: According to Bayes
rule, the posterior distribution of model parameters w
is given by the equation:

Bayesian deep neural networks (DNN) provide a
mathematically grounded framework to quantify uncertainty in their predictions. Image captioning is still an
active area of research and DNN models can generate
incorrect description of the image. Hence, it is important to study the inherent ambiguity or uncertainty
estimates from the generated captions. We provide a
detailed study of uncertainty quantiﬁcation for the predicted captions, and demonstrate that it correlates well
with the CIDEr-D scores. To our knowledge, this is
the ﬁrst such analysis, and it can pave way to more
practical image captioning solutions with interpretable
model outputs.

p(w|x, y) =

p(y|x, w)p(w)
p(y|x)

(1)

where, (x, y) are input-output pairs, p(y|x, w) is the
model likelihood and p(w) is the prior over the model
parameters. Computing the posterior distribution
p(w|x, y) is often intractable, and hence Bayesian approximate inference techniques have been proposed.
Predictive distribution for Bayesian DNNs is obtained
using multiple stochastic forward passes through the
network during the prediction phase, while sampling
from the posterior distribution of network parameters
through MC estimators. Equation 2 shows predictive
distribution of the output y  given new input x :

Introduction:
Deep neural networks (DNNs) provide state-of-theart results for a multitude of applications, including
image captioning approaches [4] that generate natural
language (NL) descriptions by transforming the image
features into a sequence of output words from a predeﬁned vocabulary. However, DNNs have been shown
to fail [2] in the case of noisy or out-of-distribution
data leading to overly conﬁdent SoftMax probability
scores. Probabilistic Bayesian models, on the other
hand, provide a principled way to gain insight into
the data and capture reliable uncertainty estimates in
their predictions, hence providing interpretable models.
Bayesian DNNs provide a convenient way to combine
the two approaches to develop more robust models that
can be scaled to large datasets and real-world applications. Bayesian modeling with Monte Carlo (MC)
dropout [2] approximate inference is shown as a practical approach to implement Bayesian DNNs in order
to obtain principled conﬁdence and quantify predictive
uncertainty.
Our main contribution in this work is to present
detailed uncertainty quantiﬁcation of the captions gen Equal
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M
1 X
p(y |x , x, y) ˇ
p(y  |x , wi ) ,
M i=1




wi ˘ q (w)

(2)
where, M is number of Monte Carlo samples.
In this study, we perform MC dropout during inference by enabling dropout in the ﬁnal fully connected
layer, and obtain the MC samples for our Bayesian
analysis. We evaluate the model uncertainty using
Mutual Information (MI) between parameter posterior
distribution and predictive distribution [5].
M I := H(y  |x , x, y) − Ep(w|x,y) [H(y  |x , w)]




(3)

where, the ﬁrst term H(y |x , x, y) is the Predictive entropy that captures a combination of both input data and model uncertainty. The second term
Ep(w|x,y) [H(y  |x , w)] in Equaton 3 is the mean entropy, where H(y  |x , w) is the entropy of each MC
sample. For each MC sample here, we obtain the SoftMax probability of an image caption by concatenating
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Figure 1: Comparison of Uncertainty vs predictive mean CIDEr-D scores using Bayesian inference (columns 1 & 2) and
SoftMax vs CIDEr-D scores using standard DNN inference (column 3). It demonstrates that the uncertainty estimates
obtained from Bayesian inference are well correlated with the predictive mean CIDEr-D scores, where lower uncertainty
(higher conﬁdence) scores are observed for higher CIDEr-D scores. On the contrary, SoftMax probabilities give high scores
for di˙erent levels of CIDEr-D scores.
the SoftMax probabilities of all the words in the caption,
where each word’s Softmax probability vector contains
all the output classes (i.e., vocabulary). The predictive distribution of the captions, obtained using 30 MC
dropout forward passes, is used to estimate MI (Equation 3) and predictive entropy uncertainty scores [1].
In ﬁrst two columns of Figure 1, we plot the uncertainty estimates (Predictive Entropy and Mutual
information) against predictive mean CIDEr-D scores
across MC dropout forward passes for MS COCO and
ViwWiz [3] datasets, obtained using AoANet model [4].
We map CIDEr-D scores into ﬁve quantiles and plot the
average uncertainty score for each quantile. We observe
that lower CIDEr-D scores indicate higher uncertainty
in the predictions, where as higher CIDEr-D scores
indicate lower uncertainty. Both these uncertainty measures show good correlation with the CIDEr-D scores,
which is critical for the interpretability of the captions
generated by the model. In the last column of Figure 1, we plot the mean SoftMax probability per word
in the caption against the caption’s CIDEr-D scores using standard DNN inference, i.e. greedily choosing the
word with highest SoftMax at each timestep to generate
the caption. We observe that SoftMax probabilities are
uniformly distributed for di˙erent levels of CIDEr-D
scores, further validating that the SoftMax probabilities

could be overly conﬁdent in predicting the CIDEr-D
scores, and not a good measure of predictive conﬁdence
of the model.
In summary, this uncertainty quantiﬁcation analysis
demonstrates that Bayesian approaches provide robust
predictive conﬁdence scores compared to SoftMax probabilities obtained from standard DNN image captioning
models.
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Figure 2: The image from VizWiz val split dataset. Softmax score (0.92) for the standard DNN inference is high (indicating
higher conﬁdence) even if the CIDEr score is low (0.000). On the other hand, Bayesian uncertainty scores (Predictive Entropy
= 20.99, MI = 11.35) are high indicating appropriate lower conﬁdence.

