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Abstract. One of the first steps to understanding images is by reading
their captions. In the field of computer vision and natural language pro-
cessing, generating captions from images has been an important and a
challenging problem. In this work, we aim at understanding the pioneer-
ing work in neural caption generation, Show-and-Tell [4], with respect to
art historical data. Artworks are characterized by various artistic styles,
attributes, and motives; along with great diversity of artists creating
these artworks and the different periods in history when these were cre-
ated. This makes it very challenging to build models that are agnostic
to all such variations.

In this work, we propose an art history based image captioning dataset
of 4000 images across 9 iconographies (annunciation, adoration, bap-
tism, still-life, nativity, virgin and child, rape, tower of babel and noli
me tangere) along with a description for each image consisting of one
or more paragraphs. Inspired by [4], we fine-tune the captioning models
on our new data. We conduct a series of ablation studies with various
embedding sizes and state-of-the-art (SOTA) architectures as backbone
like ResNet, ResNext and EfficientNet along with the proposed Incep-
tionNet [4]. We use these SOTA image classification models to evaluate
their ability of generating features for captioning. For quantitative eval-
uation and comparison, we use the standard 4 BLEU metrics [2]. This
value indicates how similar the candidate text is to the reference texts.
Higher BLEU scores represent higher similarity between predicted and
reference text. In addition to the quantitative comparison, a qualitative
discussion on the predicted captions is also presented.

Results & Observations

1. Table 1: Based on Flickr8k dataset, we observe that the performance
decreases with increase in embedding sizes for both the architectures,
via the BLEU scores for the last (30th) epoch of training. Empirically,
we observe that an embedding size of 512 gives the best result. The
performances of Inception and ResNext101 are comparable, and as
such either can be chosen for the task.
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Table 1. Comparison of different embedding sizes across networks

Model Inception ResNext101

Dataset Embedding Size 512 1024 2048 512 1024 2048

Flickr8k

BLEU1 58.76 57.76 53.80 58.56 58.51 54.82

BLEU2 39.22 38.32 34.56 39.22 39.15 35.68

BLEU3 25.29 24.72 21.60 25.36 25.22 22.48

BLEU4 16.92 16.83 14.08 16.77 16.59 14.71

Table 2. Comparison of results for across models with fixed embedding size 512

Model — InceptionV3 — ResNext101 — EfficientNetB0

Flickr8k

BLEU1 59.57 59.24 60.03

BLEU2 40.00 40.26 40.98

BLEU3 25.94 26.51 27.08

BLEU4 17.36 17.96 18.20

Flickr30k

BLEU1 57.07 57.53 57.99

BLEU2 37.00 37.66 37.33

BLEU3 23.23 23.94 23.64

BLEU4 15.58 16.26 16.06

Art History

BLEU1 20.69 20.12 22.47

BLEU2 10.72 10.42 12.02

BLEU3 06.56 06.46 07.95

BLEU4 04.94 04.78 06.27

2. Table 2: EfficientNet, trained for classification, also captures good
features for image captioning outperforming all other models, across
all BLEU scores.

3. Although the BLEU scores for our Art Historical datasets are low,
the qualitative results are motivating enough to continue working
towards more refined approaches [3][1].

4. Qualitative Results

Figure 1: We can see in the figure that there is diversity in the
descriptions predicted by both models where each description can
be considered to be quite appropriate.

Figure 2: EfficientNet is able to correctly describe the given image
whereas Inception successfully recognizes the sculpture in the image
but incorrectly considers it to be a sculpture of the virgin.
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Fig. 1. Still-life iconography example image from test set. Original caption : This
still-life of plums and apples, a blue and white bowl of Strawberries, grapes, gooseber-
ries, a Roemer of wine anda pewter vessel on a table. Show-and-Tell : this picture
shows a still life with a roemer a silver glit columbine cup a jar a porcelain dish with
an orange and peaches. EfficientNet : the painting represents a still life with peaches
plums and grapes in a blue and white wan li porcelain dish with an orange and peaches.

Fig. 2. Rape iconography example image from validation set. Original caption : The
Rape of the Sabines marked the climax of Giambologna’s career as an official Medici
sculptor. This great marble was unveiled in the Loggia dei Lanzi in January 1583 in
place of Donatello’s Judith. Show-and-Tell : the virgin is clothed in a drapery drawn
out in very narrow folds with sharp ridges the sculpture comes as an exception from a
time. EfficientNet : the rape of the sabines marked the climax of giambologna’s career
as an official medici sculptor this great marble was unveiled in the loggia.



4 Gupta et al.

Conclusion

We curated a novel captioning dataset for art historical images consisting
of 9 iconographies. We fine-tuned the SOTA models on these datasets
using [4] as our base pipeline. These models are able to generate decent
descriptions also in the case of art history images. The BLEU scores
for the art history dataset are low in comparison to the Flickr images.
Considering the art historical dataset used, one of the future works, apart
from using modern approaches ([3][1]), would be to clean the data and to
see the performance of the model on different art history datasets with
shorter captions. Another interesting further work would be the use of the
generated captions for retrieval and being inclusive for vision impaired
community with respect to the context and contents of artworks.
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