Assessing the Impact of Translation Errors on MT Quality

with Mixed-effects Models

Marcello Federico, Matteo Negri, Luisa Bentivogli, Marco Turchi

FBK — Fondazione Bruno Kessler, Trento, Italy
{federico, negri, bentivo, turchi}@fbk.eu

Support MT system development by analyzing the relations:
* between MT errors and human quality judgments
* between MT errors and the sensitivity of automatic metrics

...Most prior works focus on the relation (correlation)
between human judgments and automatic metrics

What error types have the

highest impact on
human quality judgments?

MIXED LINEAR MODELS (MLMs)

MLMs enhance conventional regression models by complementing

(fixed effects\with[random effects)that absorb random variability

inherent to the specific experimental setting that generates the
observations (i.e. covariates that cannot be exhaustively observed)

What error types have the
highest impact on

MT evaluation metrics?
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Human judgments
Global quality
assessments

Error annotations
Focused analysis of
system’s weaknesses

Automatic metrics
Holistic view of
system'’s behavior

What MT evaluation metrics
show a sensitivity to errors
more similar to humans?

» ~400 EN/ZH, EN/AR, EN/RU sentence pairs

. produced by two anonymous MT|systems]

* Quality scores (1 to 5) assigned by three|experts
* MT errors|(lex, morph, miss, reo)|annotated by one|expert|

VARIABILITY IN THE OBSERVATIONS
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ERRORS vs. QUALITY JUDGEMENTS

ERRORS vs. AUTOMATIC METRICS

PREDICTION CAPABILITY Model ENZH ENAR ENRU | | PREDICTION CAPABILITY
Task: predict human scores baseline 058 073 067 Task: predict BLEU, TER, GTM scores
Metric: MAE lex 067 078 0.72 Similar results: lowest MAE with MLMs
MLMs compared to: miss 072 089 074
T . morph 072 089 074
* 5 univariate models (baseline
=sum of all error types) reo 070 082 076 ERROR IMPACT
o FLM w/o Interact.| 0.59 0.77  0.65 BLEU TER GTM
: 2mult'lvar/ate.mod(.als (all FLM 057 072 0.63 Error ENZH ENAR ENRU | ENZH ENAR ENRU | ENZH ENAR ENRU
error types, with/without MLM 053 061 0.61 Intercept 60.55 38.45 5173 |32.41 5225 3340|8357 60.11 7538
interactions) lex 1878 -9.25 -16.57|16.87 9.66 1845 |-13.63 -7.60 -16.13
Model ENZH ENAR ENRU miss -23.20 -1041 675 | - - 824 |-1487 - 598
ERROR IMPACT Intercept 429 379 421 morph - 997 -1265| - 890 1141| - -6.60 -10.42
Slope coefficients as a measure of fex 127 096 -1.12 reo 1327 -7.62 -10.57|14.44 981 639 | -7.29 -550 -7.03
impact: highest decrement wrt miss -1.76 -0.90 -1.30 lex:miss 14.37| 497 - - - - | 824 - =
intercept = highest impact) morph -0.48 -0.83 -0.51 lex:morph - - 527 - - 522 - - 492
. reo 101 -0.75 -0.18 lex:reo 857 | 357 [540 | 724 -435 - | 546|322 365 |
Positive values for error lex:miss 1.00 0.39 0.68 miss:morph - 4.44 T - - - - - i
combinations = combined impact lex:morph } 029 032 miss:reo 674 | - ,Z.?To_ : ) E_g_;s' 507 | - |'4'_7'1':
is lower than the sum of the lex:reo 050 021 - morph:reo = 381 - | - 497 - | - 257 -
single errors miss:morph - 035 - Pearson 098 097 0.70 | -0.58 -0.78 -0.78 | 0.98 078 0.74
miss:reo 054 033 - Spearman 097 091 0.73 | -057 -0.59 -0.80| 097 059 0.76
morph:reo - 037 -

The errors with For some translation

vary across different translation
directions

of the metrics show a sensitivity to
errors similar to human judges

, some In some metrics and

humans are most sensitive to the
same error type

Error frequency does not correlate with
human preferences (MLMs are more effective

The impact of error interactions can be subject to measurable

“discount” effects.

than methods based on raw error counts)
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