
A Stratified sampling of the Hamming distance

Norouzi et al. (2016) detail the steps to drawing samples from the reward distribution based on the edit
distance with stratified sampling. In this section we show how we sample from the Hamming distance
(a special case of the edit distance) reward and how we handle large vocabularies to generate reasonable
candidates. To draw from the Hamming distance reward, we proceed as follows:

1. Sample a distance d from {0, . . . , T}.
2. Pick d positions in the sequence to be changed among {1, . . . , T}.
3. Sample substitutions from a subset Vsub of the vocabulary (|Vsub| = Vsub).

To sample a distance, we partition the set of sequences in Vsub terms VTsub with respect to their distance
to the ground truth y∗: 

Sd = {y ∈ VTsub| d(y, y∗) = d},
VTsub = ∪

d
Sd,

∀d, d′ : Sd ∩ Sd′ = ∅.

To each distance d in {0, ..., T} we assign the portion of rewards covered by Sd in VTsub. Since all ele-
ments of Sd are assigned the same reward e−

d
τ ; we need only to multiply it by the set’s size |Sd|. Count-

ing the elements of |Sd| is straight-forward: we choose d elements to alter in y∗
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and

at each position we have (Vsub − 1) possibilities. The sampling distribution is obtained as:

p(d) = r(Sd)/r(VTsub) (20)
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we find:
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B Captioning

B.1 Experimental setup
Out of vocabulary words are replaced by <UNK> token and the captions longer than 16 words are trun-
cated. As image encoding, we average-pool the features in the last convolutional layer of ResNet-152
(He et al., 2016) pre-trained on ImageNet. The 2048-dimensional image signature is further mapped to
R512 to fit the word-embedding dimension, so it can be used as the first token fed to the RNN decoder.
We use a single-layer RNN with d = 512 LSTM units.

For optimization, we use Adam (Kingma and Ba, 2015) with a batch size of 10 images, i.e. 50 sen-
tences. We follow Lu et al. (2017); Pedersoli et al. (2017) and train in two stages: the first, optimizing



the language model alone with an initial learning rate of 5e-4 annealed by a factor of 0.6 every 3 epochs
starting from the 5th one. We train for up to 20 epochs with early stopping if CIDER score on the vali-
dation set does not improve. In the second stage, we optimize the language model conjointly with conv4
and conv5 (the last 39 building blocks of ResNet-152) of the CNN model. The initial learning rate is of
6e-5 and diminishes by a factor of 0.8 every 4 epochs. The same early-stopping strategy is applied. For
the token-level reward, we use GloVe (Pennington et al., 2014) as our word embedding, which we train
on the captions in the MS-COCO training set. In preliminary experiments using the publicly available
300-dimensional GloVe vectors trained on Wikipedia 2014 + Gigaword worsens the model’s results.

B.2 Restricted vocabulary sampling - supplementary results
In Table 4 we provide additional results for sequence-level smoothing, when using the BLEU-4 as
reward function. We include results when computing BLEU-4 w.r.t. all reference sequences (like also
done for CIDER ), and when computing w.r.t. a single randomly selected reference sentence (as is the
case for Hamming). With the BLEU-4 reward, using Vrefs yields best results in all but a single case.
This underlines the effectiveness of sampling replacement words that are relevant to the task in sequence-
level smoothing.

Captioning without attention

Reward Vsub BLEU-1 BLEU-4 CIDER

Dirac 70.63 30.14 93.59

Hamming V 71.76 31.16 96.37
Hamming Vbatch 71.46 31.15 96.53
Hamming Vrefs 71.80 31.63 96.22

BLEU-4 single V 71.30 31.11 96.11
BLEU-4 single Vbatch 71.13 30.84 94.74
BLEU-4 single Vrefs 71.78 31.63 97.29

BLEU-4 V 71.56 31.47 96.56
BLEU-4 Vbatch 71.41 30.87 95.69
BLEU-4 Vrefs 72.08 31.41 97.21

CIDER V 71.05 30.46 94.40
CIDER Vbatch 71.51 31.17 95.78
CIDER Vrefs 71.93 31.41 96.81

Captioning with attention

Reward Vsub BLEU-1 BLEU-4 CIDER

Dirac 73.40 33.11 101.63

Hamming V 73.12 32.71 101.25
Hamming Vbatch 73.26 32.73 101.90
Hamming Vrefs 73.53 32.59 102.33

BLEU-4 single V 72.98 32.55 101.15
BLEU-4 single Vbatch 72.98 32.48 101.05
BLEU-4 single Vrefs 73.41 32.69 101.35

BLEU-4 V 73.39 32.89 102.60
BLEU-4 Vbatch 73.24 32.74 102.49
BLEU-4 Vrefs 73.55 33.03 102.72

CIDER V 73.08 32.51 101.84
CIDER Vbatch 73.50 33.04 102.98
CIDER Vrefs 73.42 32.91 102.23

Table 4: Captioning performance on MSCOCO when training with sequence-level loss smoothing.

B.3 Training time
We report below (Table 5) the average wall time to process a single batch (10 images i.e. 50 captions)
when training the RNN language model with fixed CNN (without attention) on a Titan X GPU. We can
clearly see that the lazy training is faster compared to the standard sequence smoothing and that the
token-level smoothing does not hinder the training speed.

Loss MLE Tok Seq Seq lazy Seq Seq lazy Seq Seq lazy Tok-Seq Tok-Seq Tok-Seq

Reward Glove sim Hamming

Vsub V V Vbatch Vbatch Vrefs Vrefs V Vbatch Vrefs
ms/batch 347 359 390 349 395 337 401 336 445 446 453

Table 5: Average training time per batch for different losses



B.4 Additional examples





C Neural machine translation

C.1 Experimental setups
WMT14 English-to-French We use the same experimental setting as Bahdanau et al. (2015): 12M
paired sentences are used for training, 6,003 pairs for validation (news-test-2012 and news-test-2013)
and 3,003 test pairs (news-test-2014). After tokenization, 30k most frequent tokens are selected for
the model’s vocabulary. We use an attentive encoder-decoder with a 2-layers bi-directionnal encoder of
dimension d = 2000 and a single-layer decoder of dimension d = 2000 as well. We use batches of size
80 and train for 3 epochs with Adam (Kingma and Ba, 2015) starting with a learning rate of 2e-4. To
generate translations we use beam search of size five.

IWSLT14 German-to-English We use the same settings as (Ranzato et al., 2016); the training set
consists of 153k sentence pairs and 7k pairs are assigned to the validation and test sets. After tokenization
and lower-casing, we remove sentences longer than 50 tokens. The English vocabulary has 22,822 words
while the German has 32,009 words. We use an attentive encoder-decoder with a single bi-directionnal
encoder and decoder of dimension d = 128. To generate translations we use beam search of size five.
We use batches of size 32 and train for 40 epochs with Adam (Kingma and Ba, 2015) starting with a
learning rate of 1e-3.

C.2 Examples

Source (en) I think it’s conceivable that these data are used for mutual benefit .
Target (fr) J’estime qu’il est concevable que ces données soient utilisées dans leur intérêt mutuel .
MLE Je pense qu’il est possible que ces données soient utilisées à des fins réciproques .
Tok-Seq Je pense qu’il est possible que ces données soient utilisées pour le bénéfice mutuel .

Source (en) However , given the ease with which their behaviour can be recorded , it will probably not
be long before we understand why their tails sometimes go one way , sometimes the other .

Target (fr) Toutefois , étant donné la facilité avec laquelle leurs comportements peuvent être enregistrés
, il ne faudra sûrement pas longtemps avant que nous comprenions pourquoi leur queue
bouge parfois d’un côté et parfois de l’autre .

MLE Cependant , compte tenu de la facilité avec laquelle on peut enregistrer leur comportement ,
il ne sera probablement pas temps de comprendre pourquoi leurs contemporains vont parfois
une façon , parfois l’autre .

Tok-Seq Cependant , compte tenu de la facilité avec laquelle leur comportement peut être enregistré
, il ne sera probablement pas long avant que nous ne comprenons la raison pour laquelle il
arrive parfois que leurs agresseurs suivent un chemin , parfois l’autre .

Source (en) The public will be able to enjoy the technical prowess of young skaters , some of whom , like
Hyeres’ young star , Lorenzo Palumbo , have already taken part in top-notch competitions .

Target (fr) Le public pourra admirer les prouesses techniques de jeunes qui , pour certains , fréquentent
déjà les compétitions au plus haut niveau , à l’instar du jeune prodige hyérois Lorenzo
Palumbo .

MLE Le public sera en mesure de profiter des connaissances techniques des jeunes garçons ,
dont certains , à l’instar de la jeune star américaine , Lorenzo , ont déjà participé à des
compétitions de compétition .

Tok-Seq Le public sera en mesure de profiter de la finesse technique des jeunes musiciens , dont
certains , comme la jeune star de l’entreprise , Lorenzo , ont déjà pris part à des compétitions
de gymnastique .

Table 7: WMT’14 English-to-French examples



Source (de) sie repräsentieren teile der menschlichen vorstellungskraft , die in vergangene zeiten
<UNK> . und für alle von uns , werden die träume dieser kinder , wie die träume unserer
eigenen kinder teil der geographie der hoffnung .

Target (en) they represent branches of the human imagination that go back to the dawn of time . and
for all of us , the dreams of these children , like the dreams of our own children , become
part of the naked geography of hope .

MLE they represent parts of the human imagination that were blogging in the past time , and for
all of us , the dreams of these children will be like the dreams of our own children part of
hope .

Tok-Seq and they represent parts of the human imagination that live in past times , and for all of us ,
the dreams of these children , like the dreams of our own children are part of hope .

Source (de) und ja , vieles von dem , was heute gesagt wurde , berührt mich sehr , weil viele , viele
schöne äußerungen dabei waren , die ich auch durchlebt habe .

Target (en) and yes , a lot of what is said today really moves me , because many , many nice statements
were made , which i also was part of .

MLE and yes , a lot of what ’s been said to me today , i got very , very , very , very beautiful
expressions that i used to live through .

Tok-Seq and yes , a lot of what ’s been told today is very , very much , because many , lots of
beautiful statements that i ’ve been through .

Source (de) noch besser , er wurde in <UNK> nach den angeblich höchsten standards der nachhaltigkeit
gezüchtet .

Target (en) even better , it was <UNK> to the supposed highest standards of sustainability .
MLE even better , he has been bred in love with the highest highest standards of sustainability .
Tok-Seq even better , he was raised in terms of dignity , the highest standards of sustainability .

Table 8: IWSLT’14 German-to-English examples


