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Agenda for Today

Previous lectures have surveyed all of the tools we need to
implement a NLP system: data, effective models, and learning
algorithms.

This lecture: How do we know whether what we’ve
implemented is useable? Focus on translation, but look at
generation too
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Evaluation is important and difficult

Evaluation by people

Evaluation by string overlap metrics

Evaluate using Embeddings

Evaluate using metrics trained on human evaluations
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Evaluation is important and difficult



Testing is crucial to good engineering

Suppose I give you a program to compute Fibonacci numbers.
Suppose I give you a python interpreter. Suppose I give you a
speech recognizer. Suppose I give you a self-driving car.
Suppose I give you a machine translation system.

How would you decide if the implementation is correct?

What does is mean for an implementation to be correct?
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Why do we need to evaluate machine translation systems?

• Decide which of two (or more) systems to use.
• Evaluate incremental changes to systems.

• Does a new idea make it better or worse?
• Does it change things in the intended way?

• Decide whether a system is appropriate for a given use
case.

• Understanding a restaurant menu.
• Understanding a news about safety of a city you are
visiting.

• Translating legal notices of a product you are selling.
• Negotiating a peace treaty.

Key questions. Are you trying to assimilate or disseminate
information? Who is affected by the system, and what at are
the consequences of errors for each of them?
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Different translators produce different translations
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Evaluation by people



A good translation is both adequate and fluent

People can (and do) evaluate MT on many different
dimensions. Two crucial ones:

Adequacy: Does the output convey the same meaning as the
input sentence? Is part of the message lost, added, or
distorted?

Fluency: Is the output good fluent English? Is is grammatically
correct? Does it use appropriate words and idioms?

Can we even measure adequacy and fluency?
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Typical scales for adequacy and fluency

Adequacy
5 all meaning
4 most meaning
3 much meaning
2 little meaning
1 none

Fluency
5 flawless English
4 good English
3 non-native English
2 dis-fluent English
1 incomprehensible
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Evaluate some translations

Source. Avauspelin voitto on aina tärkeä.

Reference. It is always important to win the opening match.

System 1. Victory for the game is always important.

System 2. The victory of the opening game is always important.

System 3. Victory in the opening game is always important.
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Evaluate some translations

Source:
ઘટનાની &ણકાર* મળતા જ ઘર/ જોવાવાળાનો જમાવડ 

Reference: As people came to know of this, they started
gathering to see this spectacle.

System 1. As soon as the incident was known, the house was
flooded.

System 2. As soon as the information of the incident came to
pass, there was a group of people who saw it at home.

System 3. As soon as the incident was reported, there was a
meeting of people who saw it at home.
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Evaluators often disagree
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We can measure agreement between evaluators

κ =
p(A)− p(E)
1− p(E)

• p(A) is proportion of times that evaluators agree.
• p(E) is proportion of times that they would agree by
chance.

Empirically, agreement on fluency and adequacy is low, but
positive. Agreement on rating (which of two translations is
better?) tends to be higher, but still not very high.

Adequacy and fluency are very abstract, difficult to measure.
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Direct Assessment

Figure 3: Screen shot of Direct Assessment in the Appraise interface used in the human evaluation campaign. The annotator
is presented with a reference translation and a single system output randomly selected from competing systems (anonymized),
and is asked to rate the translation on a sliding scale.

Figure 4: Screen shot of Direct Assessment as carried out by workers on Mechanical Turk.

can produce the same output for a particular input
sentence, we are often able to take advantage of
this and use a single assessment for multiple sys-
tems. This year we only combine human assess-
ments in this way if the string of text belonging
to multiple systems is exactly identical. For ex-
ample, even small differences in punctuation dis-
qualify the potential combination of similar sys-
tem outputs into a single human assessment, and
this is due to lack of evidence about what kinds of
minor differences might impact human evaluation.

Table 3 shows the numbers of segments for
which distinct MT systems participating in the
News task produced identical outputs. English to
Czech is the only language pair to include sys-

tems that do not belong to the news task, the addi-
tional NMT Training task systems, and we include
a breakdown of duplicate translations by each task
for that language pair in Table 3. The biggest
saving in terms of exact duplicate translations for
multiple systems was made in the News task for
English to German.

3.2 Data Collection

The system ranking is produced from a large set of
human assessments, each of which indicates the
absolute quality of the output of a system. An-
notations are collected in an evaluation campaign
that enlists participants in the shared task to help.
Each team is asked to contribute 8 hours anno-

175

From Findings of the 2017 conference on machine translation (wmt17) Bojar et al. (2017)

• 100-point Likert scale allowing fine grained statistical
analysis

• Normalise individual annotators, quality control with
references

• Intra-annotator agreement is higher
• Continuous measurement scales in human evaluation of machine translation Graham et al. (2013) 13



Evaluation by string overlap metrics



Can we evaluate automatically?

A very specific use case: evaluating incremental changes to
systems. This typically requires something automatic, due to
the cost of human evaluation.

How would you decide whether to deploy a change to Google
translate, which supports over 100 languages in any direction?

Idea. Human evaluators compare with a reference translation
when they don’t know the source language. We can automate
this comparison.

Q. What are the pros and cons of this idea?
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Idea: count all of the words that match

System 1. Victory in the opening game is always important

Reference. It is always important to win the opening match

System 2. the it opening important is match always win to

Precision. # of correct words
# of output words = 5

8

Recall. # of correct words
# of reference words = 5

9

F-measure. precision×recall
(precision+recall)/2

System Precision Recall F-measure
System 1 .623 .55 .58
System 2 1.0 1.0 1.0

Problem. Does not account for word order. 15



New idea: count all of the n-grams that match

System. Victory in the opening game is always important

Reference 1. It is always important to win the opening match

Reference 2. Opening game wins are always important.

Compute precision for n-grams of size 1 to 4 against multiple
references.

Recall not well-defined in this setting. BLEU compares system
length to an effective reference length and penalize if too short.

BLEU = min

(
1, output length

reference length

)( 4∏
n=1

precisioni

) 1
4
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BLEU is reasonably correlated with human ratings of MT

Source: Ehud Reiter, A Structured Review of the Validity of BLEU

Many studies have, over time, shown some correlation
between BLEU and human ratings.

No studies have shown relationship to real applications.
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BLEU is less correlated with human ratings of NLG

Source: Ehud Reiter, A Structured Review of the Validity of BLEU

In brief: Take BLEU with skepticism
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Bleu is generally a crude measure of accuracy

• BLEU performs worse on morphologically rich languages -
use character level Chrf instead

• Not all words are equally important! BLEU treats
determiners and punctuation the same as names and
other content words.

• BLEU is a poor proxy for both adequacy and fluency.
• BLEU isn’t interpretable across datasets.
• BLEU often scores human translation low.
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Evaluating Generation

• Translation: constrained by input text
• Generation: more complex task generating novel text not
constrained by input text

• Evaluation is more nuanced and might need automatic
metrics and human evaluation

• Recall-Oriented Understudy for Gisting Evaluation
straightforward and granualar metric

• ROUGE-1/ROUGE-2 overlap of unigrams/bigrams between
reference and summary
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ROUGE-L

Longest Common Subsequence (LCS) captures sentence-level
overlap

System: the entry for a big brown fox bites

Reference: the rabid fox bites Pedro

ROUGE− Lrecall =
LCS

|reference|

=
3
5
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Evaluate using Embeddings



Embedding based metrics

• Surface level metrics: Fail to catch paraphrases, important
word order differences

• Contextualized embeddings are trained to effectively
capture semantic overlap, distant dependencies and
ordering

• BERTScore: embeddings, pairwise cosine similarity, greedy
matching, optional idf importance weighting

BERTScore
Published as a conference paper at ICLR 2020

Reference
the weather is 
cold today

Candidate
it is freezing today

Candidate

Contextual
Embedding

Pairwise Cosine
Similarity

RBERT = (0.713�1.27)+(0.515�7.94)+...
1.27+7.94+1.82+7.90+8.88

<latexit sha1_base64="OJyoKlmBAgUA0KDtUcsH/di5BlI="></latexit><latexit sha1_base64="RInTcZkWiVBnf/ncBstCvatCtG4="></latexit><latexit sha1_base64="RInTcZkWiVBnf/ncBstCvatCtG4="></latexit><latexit sha1_base64="fGWl4NCvlvtMu17rjLtk25oWpdc="></latexit>

1.27

7.94

1.82

7.90

8.88

idf

weights

Importance Weighting
(Optional)

Maximum Similarity

x
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Figure 1: Illustration of the computation of the recall metric RBERT. Given the reference x and
candidate x̂, we compute BERT embeddings and pairwise cosine similarity. We highlight the greedy
matching in red, and include the optional idf importance weighting.

We experiment with different models (Section 4), using the tokenizer provided with each model.
Given a tokenized reference sentence x = hx1, . . . , xki, the embedding model generates a se-
quence of vectors hx1, . . . ,xki. Similarly, the tokenized candidate x̂ = hx̂1, . . . , x̂mi is mapped
to hx̂1, . . . , x̂li. The main model we use is BERT, which tokenizes the input text into a sequence
of word pieces (Wu et al., 2016), where unknown words are split into several commonly observed
sequences of characters. The representation for each word piece is computed with a Transformer
encoder (Vaswani et al., 2017) by repeatedly applying self-attention and nonlinear transformations
in an alternating fashion. BERT embeddings have been shown to benefit various NLP tasks (Devlin
et al., 2019; Liu, 2019; Huang et al., 2019; Yang et al., 2019a).

Similarity Measure The vector representation allows for a soft measure of similarity instead of
exact-string (Papineni et al., 2002) or heuristic (Banerjee & Lavie, 2005) matching. The cosine
similarity of a reference token xi and a candidate token x̂j is x>

i x̂j

kxikkx̂jk . We use pre-normalized
vectors, which reduces this calculation to the inner product x>

i x̂j . While this measure considers
tokens in isolation, the contextual embeddings contain information from the rest of the sentence.

BERTSCORE The complete score matches each token in x to a token in x̂ to compute recall,
and each token in x̂ to a token in x to compute precision. We use greedy matching to maximize
the matching similarity score,2 where each token is matched to the most similar token in the other
sentence. We combine precision and recall to compute an F1 measure. For a reference x and
candidate x̂, the recall, precision, and F1 scores are:

RBERT =
1

|x|
X

xi2x

max
x̂j2x̂

x>
i x̂j , PBERT =

1

|x̂|
X

x̂j2x̂

max
xi2x

x>
i x̂j , FBERT = 2

PBERT · RBERT

PBERT + RBERT
.

Importance Weighting Previous work on similarity measures demonstrated that rare words can
be more indicative for sentence similarity than common words (Banerjee & Lavie, 2005; Vedantam
et al., 2015). BERTSCORE enables us to easily incorporate importance weighting. We experiment
with inverse document frequency (idf) scores computed from the test corpus. Given M reference
sentences {x(i)}M

i=1, the idf score of a word-piece token w is

idf(w) = � log
1

M

MX

i=1

I[w 2 x(i)] ,

where I[·] is an indicator function. We do not use the full tf-idf measure because we process single
sentences, where the term frequency (tf) is likely 1. For example, recall with idf weighting is

RBERT =

P
xi2x idf(xi) maxx̂j2x̂ x>

i x̂jP
xi2x idf(xi)

.

Because we use reference sentences to compute idf , the idf scores remain the same for all systems
evaluated on a specific test set. We apply plus-one smoothing to handle unknown word pieces.

2We compare greedy matching with optimal assignment in Appendix C.
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Evaluate using metrics trained on
human evaluations



Trained Metrics

• Transformers can be used to encode, decode and evaluate!
• Have 16 years of human evaluation data from WMT tasks -
labelled training data

• COMET (Rei et al., 2020): Crosslingual Optimized Metric for
Evaluation of Translation.

• Pretrain cross-lingual language model
• Fine-tune on human evaluations eg. Direct Assessments
• SOTA results for correlation with human judgements WMT
2019 Metrics shared task

• Trained on human evaluations for a number of language
pairs - some evidence that it generalises, but certainly less
reliable
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COMET

Figure 1: Estimator model architecture. The source,
hypothesis and reference are independently encoded us-
ing a pretrained cross-lingual encoder. The resulting
word embeddings are then passed through a pooling
layer to create a sentence embedding for each segment.
Finally, the resulting sentence embeddings are com-
bined and concatenated into one single vector that is
passed to a feed-forward regressor. The entire model is
trained by minimizing the Mean Squared Error (MSE).

Figure 2: Translation Ranking model architecture.
This architecture receives 4 segments: the source, the
reference, a “better” hypothesis, and a “worse” one.
These segments are independently encoded using a pre-
trained cross-lingual encoder and a pooling layer on
top. Finally, using the triplet margin loss (Schroff et al.,
2015) we optimize the resulting embedding space to
minimize the distance between the “better” hypothesis
and the “anchors” (source and reference).

2.3 Estimator Model
Given a d-dimensional sentence embedding for the
source, the hypothesis, and the reference, we adopt
the approach proposed in RUSE (Shimanaka et al.,
2018) and extract the following combined features:

• Element-wise source product: h� s

• Element-wise reference product: h� r

• Absolute element-wise source difference:
|h� s|

• Absolute element-wise reference difference:
|h� r|

These combined features are then concatenated
to the reference embedding r and hypothesis em-
bedding h into a single vector x = [h; r;h �
s;h � r; |h � s|; |h � r|] that serves as input to
a feed-forward regressor. The strength of these
features is in highlighting the differences between
embeddings in the semantic feature space.

The model is then trained to minimize the mean
squared error between the predicted scores and
quality assessments (DA, HTER or MQM). Fig-
ure 1 illustrates the proposed architecture.

Note that we chose not to include the raw source
embedding (s) in our concatenated input. Early
experimentation revealed that the value added by
the source embedding as extra input features to our
regressor was negligible at best. A variation on
our HTER estimator model trained with the vector
x = [h; s; r;h � s;h � r; |h � s|; |h � r|] as
input to the feed-forward only succeed in boost-
ing segment-level performance in 8 of the 18 lan-
guage pairs outlined in section 5 below and the
average improvement in Kendall’s Tau in those set-
tings was +0.0009. As noted in Zhao et al. (2020),
while cross-lingual pretrained models are adaptive
to multiple languages, the feature space between
languages is poorly aligned. On this basis we de-
cided in favor of excluding the source embedding
on the intuition that the most important information
comes from the reference embedding and reduc-
ing the feature space would allow the model to
focus more on relevant information. This does not
however negate the general value of the source to
our model; where we include combination features
such as h � s and |h � s| we do note gains in
correlation as explored further in section 5.5 below.

From Rei et al. (2020)
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Be skeptical of hype
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Best Practise

• Define NLG task and objectives clearly and explicitly
• Select relevant and appropriate metrics
• Multiple metrics and methods should be used to capture
different dimensions of quality

• Use a large and diverse sample of test data
• Ideally a representative and unbiased sample of human
evaluators
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Summary of key points (i.e. examinable content)

• Good evaluation of NLG and translation is both really,
really important and really, really difficult.

• We can distinguish between two crucial concerns in
MT/NLG systems: adequacy and fluency.

• Automatic evaluation metrics for iterative system
development eg. BLEU score

• Typical evaluation metrics measure n-gram overlap with a
human reference translation. Has many problems.

• Trained metrics correlate better with humans
• Understanding which phenomena your system handles
well, and which it doesn’t, requires you to look at the data.

• Be skeptical of claims of human-level accuracy.

Next lecture: Multilingual data for machine translation
27
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