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Abstract

Continuous-output neural machine translation
(CoNMT) replaces the discrete next-word pre-
diction problem with an embedding prediction.
The semantic structure of the target embed-
ding space (i.e., closeness of related words)
is intuitively believed to be crucial. We chal-
lenge this assumption and show that completely
random output embeddings can outperform la-
boriously pretrained ones, especially on larger
datasets. Further investigation shows this sur-
prising effect is strongest for rare words, due to
the geometry of their embeddings. We shed fur-
ther light on this finding by designing a mixed
strategy that combines random and pre-trained
embeddings for different tokens.

1 Introduction

Since text is naturally discrete, i.e., each token
in a target sentence is represented by an integer
index in the vocabulary, neural machine transla-
tion (NMT), as many other language generation
tasks, is trained mainly as a discrete-output model
with softmax over the full vocabulary followed by
the cross-entropy loss. Continuous-output neural
machine translation (CoNMT) models, in contrast,
are trained to predict the continuous representa-
tion based on the distances between vectors. It is
an appealing line of study for computational and
modeling related reasons (Kumar and Tsvetkov,
2019), as well as a reliable test bed for exploring
the properties of continuous spaces that appear in
modern deep generative models (Li et al., 2022).
However, CONMT introduces its own challenge,
namely mapping to and from continuous space.
During training, CONMT model requires continu-
ous targets, and while decoding, one needs to map
back to the discrete text representation.

Text mapping to continuous space is widely ex-
plored in NLP and can be done using embeddings
of tokens, words (Turian et al., 2010; Mikolov et al.,
2013, 2018) and sentences (Reimers and Gurevych,

2019; Feng et al., 2022). Cosine similarity be-
tween word embeddings is well correlated with
lexical similarity metrics, motivating the use of
cosine distance against pretrained embeddings as
the dominant training strategy for CONMT. Nearest
neighbor beam decoding would in this case include
related words and, unlike discrete cross-entropy,
the training strategy does not discourage synonyms.

Previous studies show that the quality of
continuous-output models highly depends on the
choice of embeddings (Li et al., 2022; Tokarchuk
and Niculae, 2022; Kumar and Tsvetkov, 2019). In
general, in CONMT the embeddings are pre-trained
and fixed, as otherwise making all embeddings
equal leads to an unwanted global optimum. Ob-
taining pre-trained word embeddings can be com-
putationally expensive, especially if one needs to
train an embeddings model from scratch.

In this work we randomly initialize target em-
beddings for continuous-output models and keep
them static during training. Arora et al. (2020)
applied static random embeddings for text classi-
fication model’s input; however, to the best of our
knowledge, the effect of untrained random target
embeddings has not been previously studied in the
literature, especially for text-generating tasks such
as machine translation. Using random untrained em-
beddings as targets for training continuous-output
models with distance measures confronts the idea
of the semantic similarity importance. However,
we show that random target embeddings perform
close to their pre-trained counterpart, and even
surpass them if there is enough data available.
That means that meaningful semantic similarity
is not the only factor contributing to the perfor-
mance of the continuous-output models. We hy-
pothesize and experimentally show that distances
between embeddings play an important role for rep-
resentation disentanglement. Our findings on three
NMT tasks, namely WMT 2018 English— Turkish
(en-tr), WMT 2016 English—Romanian (EnRo),



and WMT 2019 English —German (en-de) indi-
cate that random embeddings are more spread out
and performing better on rare words for all language
pairs. On the large-scale (en-de) CoNMT with ran-
dom target embeddings are even substantially better
overall. We propose simple, yet efficient combi-
nation of random and pre-trained embeddings and
show that it helps improving models performance
on both en-tr and ro-en

2  Continuous-Output NMT

The machine translation task involves learning to
map sequences of input tokens x = (xy,...,Xy,)
to output tokens y = (y,...,yn). In standard
(discrete) NMT, each step is a multi-class next word
prediction task, minimizing:

Ldiscrete(yi = t;y<i’x) = —logp(yl- =t| y<i’x)
= —(E(1), h) +log ) exp(E(t'), h),

eV

(1
where ¢ is a token index, V is the vocabulary,
E : V — R% is an embedding lookup, and h is a
transformer hidden state calculated in terms of x
and the output prefix y_;. The costly log-sum-exp
and the penchant for continuous similarity metrics
in NLP motivate a purely-continuous alternative:

Lcos(yi = t§y<i’x) =1- COS(E(t)’ h) 2)

Continuous NMT models were first studied by Ku-
mar and Tsvetkov (2019), who also propose other
probabilistic losses and later other margin-based
objectives (Bhat et al., 2019), with limited gain
and at the cost of additional hyperparameters; we
therefore focus on the robust cosine objective. On
the other hand, the choice of embeddings E makes
a much larger difference, especially due to the fact
that all previous work keeps this parameter frozen:
indeed, if it were trainable, Equation (2) would have
trivial global optima by setting all E(t) to the same
vector for all £. With modern transformer architec-
tures, the best performing embeddings overall tend
to be the “oracle” output embeddings learned by
a pretrained discrete MT system (Tokarchuk and
Niculae, 2022). We highlight that the cosine loss is
invariant to the norms of both the embeddings and
of the decoder hidden state, and therefore we may
restrict our modeling problem to the unit sphere.
Optimizing Equation (1) pushes the model h
away from all tokens different from the “gold” to-
ken, even if some other tokens (e.g., synonyms)

could otherwise be a good fit. Equation (2) has
no such effect, leading to a promise of more di-
verse generations. An appealing intuition is that
synonyms and related words being nearby in em-
bedding space contributes to the performance of
CoNMT and enables such diversity. However, this
intuition is not consistent with practice. In fact, de-
coding is usually done by greedy nearest-neighbor
lookup rather than beam search. Therefore, in this
work, we challenge this conventional wisdom by
considering completely random embeddings.

3 Random Embeddings Generation

We consider two different distributions from which
to sample the |V | random embeddings.

Spherical uniform. We draw embeddings uni-
formly from the surface of the d-sphere, by drawing
from a standard Gaussian and normalizing. (As
the cosine loss is norm-invariant, uniform initial-
ization is equivalent to the standard initialization
of transformer embeddings.)

Hypercube. The corners of the hypercube
{-1,1}% all have norm Vd and thus form a dis-
crete subset of a hypersphere. This motivates us
to consider drawing embeddings from a scaled
Rademacher distribution:

E(y) = ri/\/a; r; ~ Rademacher(d).

Each coordinate of r; has 50% probability of be-
ing +1 and 50% of being —1. With this strategy,
any two distinct embeddings have cosine distance
at least 2/d. Moreover, hypercubic embeddings
can be stored as bit patterns and potentially allow
for faster loss calculation with dedicated low-level
implementations which we do not explore here.

4 Experimental Setup and Data

We train CoNMT systems against randomly-
generated target embeddings and against pre-trained
embeddings from discrete NMT systems.

Results are reported on three WMT translation
tasks!': WMT 2016 Romanian—English (ro-en),
WMT 2018 English—Turkish (en-tr) and WMT
2019 English—German (en-de), the latter includ-
ing back-translated data. Note that for en-tr we use
only WMT 2018 training data with 207k training
sentences to represent a challenging lower-resource
and morphology-rich scenario. Data statistics are
collected in Appendix A.

thttps://www2.statmt.org/



en-tr ro-en en-de
embeddings BLEUT BERTSc. T BLEUT BERTSc.T BLEUT BERTSc. T
discrete model 12.3 70.4 31.7 64.1 33.1 69.0
MTtransfer (beam=1) 10.1 67.1 29.0 58.5 31.3 66.2
MTtransfer 104 67.4 29.0 58.0 29.2 62.6
random uniform 8.9 65.1 28.8 58.8 31.8 67.2
random cube 8.7 64.6 28.7 58.8 31.4 66.9
combined 10.4 68.3 29.5 60.4 32.0 66.8

Table 1: BLEU and BertScore on ro-en newstest16, en-tr newstest2017 and newstest2016 en-de. We use a
beam of 5 if not stated otherwise. In bold, we show the highest score among the continuous models in each column.

For subword tokenization we used the same Sen-
tencePiece (Kudo and Richardson, 2018) model
for all language pairs, specifically the one used in
the MBart multilingual model (Liu et al., 2020).
This choice allows for unified preprocessing for all
languages we cover. We validate that token-based
models performs generally better than word-level
models (Appendix C), even though subwords intro-
duce an additional challenge of predicting subword
continuation (Appendix C.1).

We used fairseq (Ott et al., 2019) framework
for training our models. Baseline discrete models
are trained with cross-entropy loss, label smoothing
equal to 0.1 and effective batch size 65.5K tokens.
Both discrete and continuous models are trained
with learning rate 5 - 10~#, 10k warm-up steps for
ro-en and en-de, and 4k for the smaller en-tr
dataset. All continuous models are trained with the
cosine distance objective in Equation (2). Detailed
description of training setup and parameters can be
found in Appendix B.

We measure translation accuracy using Sacre-
BLEU? (Papineni et al., 2002; Post, 2018) and
BertScore3 (Zhang* et al., 2020). Note that
BertScore is scaled differently for each language,
so the scores cannot be compared across languages.

5 Results and Discussion

Scores. Per Table 1, we find that random uniform
embeddings outperform the MTtransfer baseline
for en-de, match it closely for ro-en, and only
underperform in the low-resource case for en-tr.
We find that hypercube embeddings consistently
perform worse than uniform embeddings; however,
it is possible that their computational advantages
can make up for this in some applications.

2nrefs: 1|case:mixed|eff:no|tok: 13alsmooth:exp|version:2.3.1
3implementation by https://github.com/Tiiiger/bert_score
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Figure 1: BLEUpeam—BLEU g ceqy scores for the ro-en
newsdev2016 for continuous output models with random
and MTtransfer embeddings. Beam=1 BLEU score for
the MTtransfer embeddings is equal to 30.0 and for
uniform random embeddings 28.6

Beam search. Preliminary experiments with
CoNMT models indicate little gain or even degra-
dation from beam search, which is why we report
results with greedy decoding for MTtransfer in Ta-
ble 1. Further investigation in Figure 1 shows that
the MTtransfer model degrades consistently, per-
forming best in the greedy case, while the random
embedding model benefits noticeably from a larger
beam, in spite of neighboring words being random
and not related. We discuss the details of the beam
search in Appendix D.

Frequency. We perform a token-level evaluation
using compare-mt (Neubig et al., 2019), comput-
ing the F; score of matching a gold token (at its
gold position), aggregated over bins defined by the
token’s frequency in the training data. The result
in Figure 3 reveals that random embeddings allow
much better classification of rare tokens than even
the discrete reference model. To understand this
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Figure 2: Pre-trained embeddings demonstrate strong correlation between the frequency rank of each token and
(top) the cosine similarity, and (bottom) the frequency rank of its nearby neighbors. Most rare words are identified
with their nearest neighbor, which is also a rare word. Bin size 500; shaded area denotes 50% of values in each bin.
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Figure 3: Token-level F; test score grouped into three
bins defined by training set frequency. The x label shows
frequency boundaries and token counts per bucket.

effect, we study the geometry of the pre-trained em-
bedding spaces in relation to frequency in Figure 2.
The top row shows the relationship between the fre-
quency rank (higher means rarer) and the similarity
to its nearest— and fifth-nearest— neighbors. For
all three language pairs we observe that most rare
words become identical to their nearest neighbor.
In contrast, for random embeddings this metric
does not depend on rank and is always around 0.4.
The bottom row of Figure 3 shows that the nearest
neighbors of rare words tend also to be comparably
rare. This geometry clarifies in part the surprising
performance of random embeddings on rare tokens.

Combined embeddings. Our finding motivates
combining pre-trained and random embeddings:

OCEMT(yi) + (l - a)Erand(yi)
”fxEMT(Yi) + (l - cC)Erand(yi)” ‘

To emphasize pre-trained distances more than the
noise, we choose o = 0.9 for all language pairs.

Ecmb (yi) =

This simple approach leads to overall improved
performance, on almost all metrics and language
pairs as shown in Table 1. Furthermore, Figure 3
confirms that combined embeddings preserve the
performance of pre-trained embeddings on frequent
tokens and increase F; score on rare tokens. We fur-
ther study the impact & on ro-enin Appendix E and
observe that for all considered o € [0.5,0.9], the
combination outperforms random and pre-trained
embeddings along both metrics; the specific value
of « in this range has only negligible impact.

6 Conclusion

Our experimental results show that randomly ini-
tialized target embeddings can achieve similar per-
formance as pre-trained ones and even surpass them
when a sufficiently large amount of data is avail-
able. The gap is most pronounced on very rare
tokens. We also found that beam size > 1 does
not harm the performance of CoNMT with random
target embeddings (compared to pre-trained target
embeddings). We suggest combining random and
pre-trained embeddings in attempt to maintain high
accuracy on frequent tokens as well as rare tokens.
This simple approach proved to be effective for
en-tr and ro-en in terms of overall performance.
However, more refined ways to combine random
embeddings with semantically meaningful anchors
may lead to more reliable improvements, and ide-
ally hold the potential to remove the reliance on a
pretrained model entirely. Finding the best ways to
achieve this potential is an important avenue of fu-
ture work for CoONMT and for continuous modeling
of language repesentations more broadly.



Limitations

Generalization. Our experimental results show
that semantic similarity of the targets embeddings
does not play a major role for continuous-output
NMT. However, this not necessarily holds for other
text generation tasks like summarization or lan-
guage modeling. To claim that random target
embeddings can be sucessfuly used for any text
generation task yet has to be proved. In the future,
we will conduct additional experiments on other
text generation tasks, such as summarization and
language modeling.

Dataset Size. Arora et al. (2020) argue that
random embeddings can achieve comparable per-
formance when the dataset size is big enough. In
our work we report results on three language pairs
with vast range of training samples.The gap be-
tween pre-trained and random embeddings is much
higher for en-tr with 207K training samples than
for ro-en and en-de with 612K and 9.1M training
samples. Moreover, on en-de random embeddings
even outperform pre-trained ones. That hints that
random embeddings indeed work only if there is
sufficiently large amount of data available.

Static Embeddings. The formulation of the loss
we use in our work, specifically cosine distance,
leads to representation collapse when tuning target
embeddings jointly with the model, That is why in
our work the target embeddings are kept unchanged
during training. Li et al. (2022) show that it
is possible to design a loss that allows for joint
training. However, we believe that fine-tuning of
random embeddings is orthogonal to our study.

Comparison with External Embeddings Mod-
els. In the scope of this work, we compared only
embeddings extracted from the discrete NMT model
(MTtransfer) and randomly generated embeddings.
However, we do not compare random embeddings
with external models like mBart (Liu et al., 2020)
or fasttext (Bojanowski et al., 2016). That is inten-
tional since Tokarchuk and Niculae (2022) showed
that MTtransfer embeddings perform the best com-
pared to the external models, and our goal was to
compare to the best-performing baseline.

Loss Function. All our results are tied to the
choice of the target objective function, precisely co-
sine similarity. We chose cosine similarity to align
our work with previous studies on CONMT (Kumar
and Tsvetkov, 2019; Tokarchuk and Niculae, 2022).
We implicitly assumed that our embeddings lie on
the sphere and have the norm equal to 1. In the

future, we would like to experiment with other geo-
metrical spaces and verify if our findings are still
valid.

Risks

NMT as a technology is subject to dual-use con-
cerns. We also want to stress that it is possible that
random embedding models make different kinds
of mistakes compared to other models, and they
should be studied and treated with caution before
deployment. CoNMT models are generally at an
earlier stage of development and do not seem likely
to replace the well-studied discrete models in de-
ployed application in the very near future.
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A Data Statistics

Table 2 contains data statistics for datasets used in
our experiments.

B Models’ Training

B.1 Embeddings Dimensionality

Even though it is typical to train NLP models with
large embeddings dimension (d > 512), we con-
ducted experiments on ro-en and found that smaller
dimensionality works better for CONMT both with
random and pre-trained target embeddings Figure 5,
and do not harm the performance of discrete model
as per Figure 4.

We hypothesise that better performance of lower
dimensional embeddings on CoNMT is a direct
consequences of the cosine distance as a distance
measure. Despite its popularity, there is evidence
that cosine loss is not a suitable choice for mea-
suring the dissimilarity between high-dimensional
embeddings vectors (Zhou et al., 2022), and using
another distance metric can potentially improve
the results of the models with larger embeddings
dimensionality. We leave this question for the fu-
ture investigation. Since the dimensionality 128
performs the best among all tested dimensionalities,


https://openreview.net/forum?id=rJlDnoA5Y7
https://openreview.net/forum?id=rJlDnoA5Y7
https://openreview.net/forum?id=rJlDnoA5Y7
https://openreview.net/forum?id=rJlDnoA5Y7
https://openreview.net/forum?id=rJlDnoA5Y7
https://doi.org/10.1162/tacl_a_00343
https://doi.org/10.1162/tacl_a_00343
https://doi.org/10.1162/tacl_a_00343
http://arxiv.org/abs/1301.3781
http://arxiv.org/abs/1301.3781
http://arxiv.org/abs/1301.3781
http://arxiv.org/abs/1903.07926
http://arxiv.org/abs/1903.07926
http://arxiv.org/abs/1903.07926
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.18653/v1/W18-6319
https://doi.org/10.18653/v1/W18-6319
https://doi.org/10.18653/v1/W18-6319
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/2022.repl4nlp-1.24
https://doi.org/10.18653/v1/2022.repl4nlp-1.24
https://doi.org/10.18653/v1/2022.repl4nlp-1.24
https://doi.org/10.18653/v1/2022.repl4nlp-1.24
https://doi.org/10.18653/v1/2022.repl4nlp-1.24
https://aclanthology.org/P10-1040
https://aclanthology.org/P10-1040
https://aclanthology.org/P10-1040
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr
https://openreview.net/forum?id=SkeHuCVFDr
https://doi.org/10.18653/v1/2022.acl-short.45
https://doi.org/10.18653/v1/2022.acl-short.45
https://doi.org/10.18653/v1/2022.acl-short.45

WMT ro-en WMT en-tr ‘ WMT en-de
train ‘ dev16 ‘ testl6 | train ‘ dev17 ‘ test17 ‘ test18 ‘ train ‘ valid ‘ test16 ‘ test18

sentences | 612K | 2K | 2K |207K | 1K | 3K | 3K [9.IM|22K| 3K | 3K
SPM vocabulary (igt) | 27.5K | 233K | 76K
SPM % oov (tgt) | 00 [ 038 [ 031 [ 0.0 | 045 [ 053 [ 055 | 0.0 | 00 [ 00 [ 00

Table 2: Datasets Statistics
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Listing 1 Training yaml config for CoNMT.
task:
315 ] _name: translation
data: language_specific_data
criterion:
_hame: cosine_ar_criterion
model:
_name: continuous_transformer
decoder:
0.5 1 output_dim: 128
learned_pos: true
encoder:
learned_pos: true

BLEU Score

30.0

64 128 25 512 1024
Embeddings Dimension dropout:
0.3 # ro-en and en-tr

Figure 4: BLEU score of the discrete NMT models on 0.1 # en-de
newstest2016 ro-en. target_embed_path: path_to_static_embeddings

no_decoder_final_norm: false
optimizer:

_name: adam

adam_betas: (0.9,0.98)
1r_scheduler:

_nhame: inverse_sqrt

warmup_updates:

we do all our experiments with dimension equal to
128.

B.2 Training Parameters

We report fairseq yaml config in Listing 1.

Language-pair—specific parameters are highlighted 10000 # ro-en and en-de
with a comment. Continuous transformer uses base 4000 # en—tr

Transformer architecture with 6 layers of encoder warmup_init_lr: 1e-07

and decoder (Vaswani et al., 2017). Total number 4. t.set -

of training parameters is the following: ro-en dis- validate_after_updates: 10000
crete is 42M and ro-en continuous 74M; en-tr max_tokens: 4096

discrete is 40M and en-tr continuous 73M; en-de
discrete 1s 132M and en-de continuous 123M

validate_interval_updates: 2000

optimization:
We train our models using shared GPU cluster, 1r: [0.0005]
which is equipped with GeForce GTX TITAN X as update_freq: [16]
well as NVIDIA A100. max_update: 50000

stop_min_lr: 1e-09

checkpoint:
no_epoch_checkpoints: true
best_checkpoint_metric: bleu
maximize_best_checkpoint_metric: true

C Word-level Embeddings

Since the continuous-output model struggles with
subwords continuation and, at the same time, per-
forms better on rare words, we conduct experiments
on the word level. Word-level model tends to suf-
fer from out-of-vocabulary issues (Table 2), so
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Figure 5: BLEU score on ro-en newstest2016 of
continuous-output model with various dimensionalities
of random and pre-trained (MTtransfer) target embed-
dings.

discrete model performance drops respectively. Ta-
ble 3 provides the comparison between the discrete
word-level model and continuous-output model
with random targets. Even though the continuous-
output model struggles with subwords continua-
tions, overall, using subwords allows us to have a
stronger model both for discrete and continuous-
output cases.

model ro-en en-tr
discrete words 28.5 8.9
continuous random words 27.6 5.6
discrete tokens 32.1 12.7
continuous random tokens  29.2 9.3

Table 3: BLEU scores for word level and tokens level
models on validation set with greedy decoding.

C.1 Subword Embeddings

We rely on the unigram language model for subword
segmentation (Kudo, 2018) to train discrete and
continuous-output NMT models as mentioned in
Section §5. We hypothesize that it is harder for
the continuous-output model to predict subwords
than for the discrete model. Table 4 illustrates that
the f1 macro average for the beginning of the spm
tokens and continuation of the spm tokens differ a
lot for discrete and continuous models. While the
discrete model performs better on continuations,
continuous models struggle with continuations of

subwords. However, overall scores for pre-trained
and random targets are the same for continuation
and random embeddings performs slightly better
on the beginning of the subwords.

model Fl

ode SPM start  SPM cont.
discrete 0.12 0.14
pre-trained embeddings 0.10 0.09
random embeddings 0.11 0.09

Table 4: F1 score on newstest2016 ro-en for begin-
ning and continuation of the SentencePiece tokens.

D Beam Search

In our work, we use implementation of the beam
search provided by fairseq. However, insetad
of using log probabilities of the next token, we
rely on the cosine similarity scores between output
vector and all tokens in the vocabulary. We restrict
maximum length of generated sentence to be length
og the source sentence plus 200. For CoNMT,
beam search may have a probabilistic interpretation
by noticing that the cosine loss is equivalent to a
Langevin (also known as vMF) log-likelihood with
constant concentration parameter x: in beam search
we use this probabilistic interpretation and take

log p(yi =t | ¥<i»%) = —cos(E(t), h)+log Cq(1),

i.e., we apply the normalizing constant of the
Langevin distribution for dimension d and fixed
concentration x = 1.
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Figure 6: BLEU and BERTScores on ro-en
newsdev20@16 with different values of «.



E Combined Embeddings

In Table 1 we report performance of combined
embeddings with a = 0.9. To study the effect of
a on the models’ performance, we conduct exper-
iments on ro-en for a € [0.5,0.9]. As shown
in Figure 6, for all cases combined embeddings
outperform pre-trained and random ones on both
metrics.
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