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1. Background of NMT
, empirical data distribution(x,y) ∼  pD

source sentence: x = (x ,x , ...,x )1 2 m

target sentence: y = (y , y , ..., y )0 1 n
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Encoder Decoder

x

 Cross Entropy Loss: − log p (y ∣x, )∑t=1
n

θ t ŷ<t

the model's own
predictions
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Encoder Decoder

x y

Teacher Forcing (Williams & Zipser 1989)

 Cross Entropy Loss: − log p (y ∣x,y )∑t=1
n

θ t <t

the gold tokens

1. Background of NMT
, empirical data distribution(x,y) ∼  pD

source sentence: x = (x ,x , ...,x )1 2 m

target sentence: y = (y , y , ..., y )0 1 n
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https://www.youtube.com/watch?v=5qap5aO4i9A
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target sentence: y = (y , y , ..., y )0 1 n

Exposure Bias (M. Ranzato et al. 2016)

https://arxiv.org/abs/1511.06732
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How to mitigate exposure bias?

1. Background of NMT
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We expose the model to its own predictions during
training.
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We expose the model to its own predictions during
training.
Scheduled Sampling for RNNs (S. Bengio et al.
2015)
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 or ŷt yt

Training

How to mitigate exposure bias?

1. Background of NMT

12

https://arxiv.org/abs/1506.03099


Encoder Decoder

x

...

ŷt ŷt+1

...

Add Gumbel Noise

 or ŷt−1 yt−1  or ŷt yt

Training

We expose the model to its own predictions during
training.
Scheduled Sampling for RNNs (S. Bengio et al.
2015)
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1. Background of NMT

Word Oracle: add Gumbel Noise (K. Goyal et al. 2017, W. Zhang et al. 2019)

https://arxiv.org/abs/1506.03099
https://arxiv.org/abs/1704.06970
https://www.aclweb.org/anthology/P19-1426/
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Wen Zhang et al. 2019)

(T. Mihaylova et al. 2019,
D. Duckworth et al. 2019,
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https://www.aclweb.org/anthology/P19-1426/
https://www.aclweb.org/anthology/P19-2049/
https://arxiv.org/pdf/1906.04331.pdf
https://arxiv.org/abs/1704.06970
https://www.aclweb.org/anthology/P19-1426/
https://slides.com/secure/decks/2154767/print?margin=0.0&pdfSeparateFragments=true&print-pdf=true&slideNumber=true
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We expose the model to its own predictions during
training.
Scheduled Sampling for RNNs (S. Bengio et al.
2015)
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x,y ⇒<t ytTeacher Forcing: one-hot encoding

p (⋅∣x,y ) ⇒θ <t [0, ..., 1, ...0] one-to-one mapping

Ideally, the target should be , instead of the
one-hot encoding.

p (⋅∣y ,x)∗
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But only one-hot encoding and model predictions are
available. 22



2. Motivation
Teacher Forcing
Scheduled Sampling

Machine Translation is inherently a one-to-many mapping problem

How to exploit the ground truth information ? p (⋅∣x,y )∗
<t

Assumption:
Givened a well-trained model with parameters , if 

, then  is very likely to be a
synonym or part of a synonym of the gold token .

 
Use  and  in mixed CE.

θ =ŷt

argmaxp (⋅∣x,y ) =θ <t  yt ŷt

yt

yt ŷt

x,y ⇒<t ytTeacher Forcing: one-hot encoding

p (⋅∣x,y ) ⇒θ <t [0, ..., 1, ...0] one-to-one mapping
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y, ŷ
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distributions?
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mix 
y, ŷ

CE(y,y ;x)mix

But can we make the model insensitive to the inputs from different
distributions?

(x,y) 

(x,y )mix

model

model

ŷ1

ŷ2

≈

ymix

We force input distribution  to approximate  by pD pmodel (x,y) →
(x,y )mix

ŷ1 ŷ2 ≈ y
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mix 
y, ŷ

CE(y,y ;x)mix

But can we make the model insensitive to the inputs from different
distributions?

ymix

We force input distribution  to approximate  by pD pmodel (x,y) →
(x,y )mix

(x,y) 

(x,y )mix

model

model

ŷ1

ŷ2

Ignore the discrepancy in the
decoder inputs of which the
source inputs are the same.



3. Approach

Mixed CE in teacher forcing: 

L =mix −[(1 − α ) ⋅i log p (y ∣y ,x) +∑t=1
n

θ t <t α ⋅i log p ( ∣y ,x)]∑t=1
n

θ ŷt <t

α =i m ⋅ , m =total_iter
i 0.5

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t
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L =mix −[(1 − α ) ⋅i log p (y ∣y ,x) +∑t=1
n

θ t <t α ⋅i log p ( ∣y ,x)]∑t=1
n

θ ŷt <t

L =mix −[(1 − α ) ⋅i log p (y ∣y ,x) +∑t=1
n

θ t <t
mix α ⋅i log p ( ∣y ,x)]∑t=1

n
θ ŷt <t

mix

Mixed CE in scheduled sampling: 

α =i m ⋅ , m =total_iter
i 0.5

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

α =i m ⋅ , m =total_iter
i 0.5
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3. Approach

L =mix −[(1 − α ) ⋅i log p (y ∣y ,x) +∑t=1
n

θ t <t α ⋅i log p ( ∣y ,x)]∑t=1
n

θ ŷt <t

α =i m ⋅ , m =total_iter
i 0.5

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

How to understand mixed CE ?

Mixed CE in teacher forcing: 

When , it degenerates to standard CE.y =t ŷt

When ,  is very likely to be a synonym of y =t  ŷt ŷt yt
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3. Approach

How to understand mixed CE ?

L =mix −[(1 − α ) ⋅i log p (y ∣y ,x) +∑t=1
n

θ t <t
mix α ⋅i log p ( ∣y ,x)]∑t=1

n
θ ŷt <t

mix

Mixed CE in scheduled sampling: 

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

α =i m ⋅ , m =total_iter
i 0.5

Encoder Decoder

x y

ŷ

Encoder Decoder
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mix 
y, ŷ

CE(y,y ;x)mix

CE( ,y ;x)ŷ mix
+

ymix



4. Experiments

Teacher Forcing: single reference test set 
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4. Experiments

Teacher Forcing: multi-reference set (M. Ott  et al. 2018)
- 10 references for each of the 500 test sentences taken from the original test set 
- We generate 10 hypotheses for each source sentence using beam search
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https://arxiv.org/abs/1803.00047


4. Experiments

Teacher Forcing: WMT'19 En-De paraphrased reference set
(M. Freitag et al. 2020)

- Each reference is paraphrased from the original reference by 
  human experts and differs significantly from the original one 
  in word choices and sentence structures
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https://arxiv.org/abs/2004.06063


4. Experiments

Teacher Forcing: comparison with Label Smoothing (LS)
(Szegedy et al. 2016)

- Pairwise BLEU (PB): measuring the diversity of the                 
  hypothesis translations
- High PB, more similar; Low PB, less similar.

(Shen et al. 2019)
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https://arxiv.org/abs/1512.00567
https://arxiv.org/abs/1902.07816


4. Experiments

Teacher Forcing: comparison with Label Smoothing (LS)
(Szegedy et al. 2016)

- Cumulative Sequence Probability: cumulative probability of
the hypotheses generated using beam search(M. Ott  et al. 2018)

37

https://arxiv.org/abs/1512.00567
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4. Experiments

Scheduled Sampling
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4. Experiments

Scheduled Sampling

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

Is it really important?

L =mix − [(1 −∑t=1
n

α ) ⋅i log p (y ∣y ,x) +θ t <t
mix α ⋅i   log p ( ∣y ,x)]θ ŷt <t

mix
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4. Experiments

Scheduled Sampling

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

Is it really important?

=ŷt Rand(Top-2 ( log p (w ∣y ,x)))1≤k≤∣V ∣ θ k <t

Top-2 Mixed CE: replace the above  withŷt

L =mix − [(1 −∑t=1
n

α ) ⋅i log p (y ∣y ,x) +θ t <t
mix α ⋅i   log p ( ∣y ,x)]θ ŷt <t

mix
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4. Experiments

Scheduled Sampling

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

Is it really important?

=ŷt {y , if y = argmax log p (w ∣y ,x)t t 1≤k≤∣V ∣ θ k <t

Rand(V ), otherwise

Random Mixed CE: replace the above  withŷt

L =mix − [(1 −∑t=1
n

α ) ⋅i log p (y ∣y ,x) +θ t <t
mix α ⋅i   log p ( ∣y ,x)]θ ŷt <t

mix
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4. Experiments

Scheduled Sampling
L =mix − [(1 −∑t=1

n
α ) ⋅i log p (y ∣y ,x) +θ t <t

mix α ⋅i   log p ( ∣y ,x)]θ ŷt <t
mix

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

Is it really important?

L = − [mix

t=1

∑
n

+

(1 − α ) ⋅ log p (y ∣y ,x)i θ t <t
mix

α ⋅ q (w ∣y ,x) ⋅ log p (w ∣y ,x)]i

k=1

∑
∣V ∣

θ k <t θ k <t
mix

Soft Mixed CE: replace the above  withŷt
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4. Experiments

Scheduled Sampling
L =mix − [(1 −∑t=1

n
α ) ⋅i log p (y ∣y ,x) +θ t <t

mix α ⋅i   log p ( ∣y ,x)]θ ŷt <t
mix

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

L = − [mix

t=1

∑
n

+

(1 − α ) ⋅ log p (y ∣y ,x)i θ t <t
mix

  ⋅ ( log p ( ∣y ,x) + log p ( ∣y ,x)) ]
2
αi

θ ŷt <t
mix

θ y~t <t
mix

Double Mixed CE: we also apply mixed CE to
output in 2nd pass in schduled sampling

=y~t argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t
mix
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4. Experiments

Scheduled Sampling
L =mix − [(1 −∑t=1

n
α ) ⋅i log p (y ∣y ,x) +θ t <t

mix α ⋅i   log p ( ∣y ,x)]θ ŷt <t
mix

=ŷt argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t

L = − [mix

t=1

∑
n

(1 − α ) ⋅ log p (y ∣y ,x)  + α   ⋅    log p ( ∣y ,x)  ]i θ t <t
mix

i θ y~t <t
mix

Mixed CE 2nd pass:

=y~t argmax log p (w ∣y ,x)1≤k≤∣V ∣ θ k <t
mix
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4. Experiments

The effect of αi

SS: L =mix − [(1 −∑t=1
n

α ) ⋅i log p (y ∣y ,x) +θ t <t
mix α ⋅i   log p ( ∣y ,x)]θ ŷt <t

mix

TF: L =mix − [(1 −∑t=1
n

α ) ⋅i   log p (y ∣y ,x) +θ t <t
mix α ⋅i   log p ( ∣y ,x)]θ ŷt <t

mix
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Introducing mixed cross entropy (mixed CE)  loss in teacher
forcing and scheduled sampling training

 

In teacher forcing, mixed CE  exploits the model's greedy
predictions during training to learn a one-to-many mapping.

 
 

In scheduled sampling, mixed CE can mitigate exposure bias
more effectively by encouraging the model to produce similar
outputs given different inputs from different distributions.

5. Conclusion

Superior performance  in single reference set, multi-reference
set, paraphrased reference set.
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Thanks!
 

haoran2_li@mymail.sutd.edu.sg
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