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Machine-translation Training procedure for
MultiK30 dataset is as follows: the training sen-
tences were preprocessed with basic tokenization,
keeping all words that appeared at least 2 times
in the training set. Words appearing less are map
into UNK symbol. For training the models, we use
Adam optimizer and set the initial learning rate to
0.001. We multiply by 0.8 the learning rate for
every 8 epochs without improvement in the BLEU
score. Training is ended once the model achieves
20 epochs without improvement in the BLEU score.
The batch size is set to 128 instances. At training,
we applyteacher-forcingby feeding at each time
step the ground-truth word.

For training the models on IWSLT we use the
same procedure as in MultiK30 with the following
modi�cations: We keep words that appeared at
least 5 times in the training set, and �lter data to
have sentences with max length of 20. The initial
learning rate is set to 0.002 and multiplied by 0.25
for every 8 epochs without improvement in the
BLEU score. The batch size is set to 64 instances.

4.2 Word Relationships

For evaluating the quality of the non-�xed target
vectors in both image-captioning and machine-
translation, we follow the evaluation proposed in
the tied embeddingspaper. We calculate the pair-
wise (cosine) distances between embeddings and
correlate these distances with human judgments
of the strength of relationships between concepts.
Results are shown in Table-4.

Model Simlex999 MEN MTurk-771
tell 0.30/0.24 0.26/0.46 0.20/0.34
attend 0.38/0.26 0.49/0.45 0.40/0.32
IWSLT DE-EN 0.07/0.07 0.16/0.07 0.14/0.11
MultiK30 DE-EN 0.19/0.04 0.36/0.01 0.31/0.06

Table 4: Spearman’s correlation between word vectors
and human judgments of the strength of relationships
between concepts. The correlation of the target vector
are in the left column. The correlation of the input vec-
tors are in the right column.

4.3 Diversity

Despite the substantial progress in recent years,
sentences produced by existing image captioning
methods are still often overly rigid and lacking in
variability. Several works (Shetty et al., 2017; Dai
et al., 2017; Sadeh et al., 2019) address these issues
with an alternative training and inference methods
to generate more natural and diverse image descrip-

tions. In Fig-4 we show how simple technique such
as �xing the classi�cation layer, which does not
require any additional computational cost, might
improve the diversity and accuracy of the generated
captions.

Figure 4: Examples of captions generated bytell and
attend models. NF and F refer to models with non-
�xed and �xed target embeddings, respectively. Low-
frequency words are underscored.


