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Abstract

Quality Estimation (QE) is estimating the qual-
ity of the model output during inference when
the ground truth is not available. Deriving out-
put quality from the models’ output probability
is the most trivial and low-effort way. How-
ever, we show that the output probability of
text-generation models can appear undercon-
fident. At each output step, there can be mul-
tiple correct options, making the probability
distribution spread out more. Thus, lower prob-
ability does not necessarily mean lower output
quality. Due to this observation, we propose a
QE approach called BOOSTEDPROB!, which
boosts the model’s confidence in cases where
there are multiple viable output options. With
no increase in complexity, BOOSTEDPROB is
notably better than raw model probability in
different settings, achieving on average +0.194
improvement in Pearson correlation to ground-
truth quality. It also comes close to or outper-
forms more costly approaches like supervised
or ensemble-based QE in certain settings.

1 Introduction

Text generation models, such as transcription and
translation systems like Whisper (Radford et al.,
2023) or Large Language Models like Llama (Tou-
vron et al., 2023), have demonstrated remarkable
effectiveness across various applications (Amorese
et al., 2023; Xie et al., 2024; Masalkhi et al., 2024).
However, these models could still make mistakes
in certain cases, such as when the input is noisy or
when the context involves ambiguous phrasing or
domain-specific jargon (Katkov et al., 2024; Huang
et al., 2023). Consequently, it is crucial to inform
users about the reliability of model outputs by of-
fering a quality assessment. This task is formally
recognized as Quality Estimation.

Particularly, Quality Estimation (QE) is the task
of providing quality scores of model outputs dur-

1Implementation available at https://github.com/
TuAnh23/boostedprob.

ing inference when the ground truth is not avail-
able. The most straightforward way is to utilize the
model’s output probability. While previous works
have shown that model probability is prone to be
overconfident (Nguyen et al., 2015; Li et al., 2021),
in this work, we point out another issue. We show
that the output probability on free-form text gener-
ation tasks, such as translation or summarization,
can be underconfident. Specifically, lower prob-
ability does not necessarily indicate lower output
quality, but could mean that the probability distri-
bution is spread out over multiple correct options.
We propose a simple QE approach, BOOSTED-
PROB, which only utilizes the model output prob-
ability distribution. BOOSTEDPROB tackles the
underconfidence phenomenon mentioned above by
boosting the model’s confidence scores when there
are potentially multiple correct output options.
Specifically, our contributions are as follows:

1. We show that, for models performing free-
form text generation tasks, at an output step,
there can be multiple valid outputs, leading
to multiple tokens having dominant mass in
the probability distribution. Probability mass
spread over these valid tokens makes the
model appear underconfident.

2. We propose a QE approach, BOOSTEDPROB,
that boosts the confidence of these dominant
tokens. BOOSTEDPROB is easy to imple-
ment and does not add any complexity com-
pared to raw model probabilities. It is substan-
tially more efficient than ensemble-based QE,
which requires generating multiple outputs,
and supervised QE, which is data-dependent
and not available for tasks other than transla-
tion.

3. We show that BOOSTEDPROB is: (1) notably
better as a quality estimator than the raw prob-
abilities across different tasks and models; (2)
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coming close to or outperforming more expen-
sive supervised and ensemble-based baselines
in certain settings; (3) with BOOSTEDPROB,
improving models’ quality comes with im-
proving their self-evaluation ability.

2 Related Work

2.1 Quality Estimation

Model probability is the most trivial estimator of
the output quality. However, previous works have
shown that using the probability of the final out-
put alone is not optimal, as neural models tend to
be overconfident (Nguyen et al., 2015; Li et al.,
2021). Another approach is to use the entropy
of the whole probability distribution (Fomicheva
et al., 2020). However, it does not consider which
option is selected in the end. These methods are
generally low-effort, with the only drawback that
output probability might not be accessible for API-
only models. Therefore, probability-based QE has
been employed in many use cases, such as for de-
ciding whether to ask users to repeat themselves
in dialog systems (Jurafsky and Martin, 2025), or
determining the exit layer in early exiting models
(Teerapittayanon et al., 2016; Xin et al., 2020).
Other types of QE are usually more costly. Some
approaches require generating multiple outputs,
such as ensemble-based approaches like Monte
Carlo sequence entropy (Malinin and Gales, 2021;
Kuhn et al., 2023), Perturbation-based QE (Dinh
and Niehues, 2023), and self-validation approaches
(Kadavath et al., 2022). Some approaches require
access to the model training data to detect out-of-
distribution instances during inference (Lee et al.,
2018; Ren et al., 2023). Other approaches require
an external model to measure the output quality.
Prism (Thompson and Post, 2020) uses a multilin-
gual Machine Translation model to score output
from other models by forced decoding. Cohen et al.
(2023) uses an examiner model to ask questions and
discover inconsistencies of the evaluated model.
One outstanding case of external QE modules
is supervised QE models for Machine Translation
(MT), such as CometKiwi (Rei et al., 2022). For
MT, there exists abundant data of (source, model
translation, human-labeled scores) tuples, which
enables training supervised QE models. One can
try to avoid the use of costly human-labeled scores
by training QE models on synthetic data with syn-
thetic errors (Tuan et al., 2021), or synthetic scores
using reference-based metrics (Zouhar et al., 2023)

like BLEU (Papineni et al., 2002), chrF (Popovié,
2015) or BERTScore (Zhang et al., 2019). Super-
vised QE has been widely adopted in MT, and is
getting close to the performance of reference-based
metrics (Freitag et al., 2022).

Nevertheless, supervised approaches are data-
dependent, and mostly not available for tasks other
than translation. Thus, we focus on using model
probability as a quality estimator, given its simplic-
ity and efficiency. Previous works mostly focus
on the overconfidence problem of model proba-
bility, where one solution is to use larger models
with more training data (Naganuma et al., 2025;
Chhikara, 2025). We identify another weakness of
model probability - being underconfident for free-
form text generation tasks, and propose a simple
modification to the probability to tackle this.

2.2 Dominant Tokens

Previous works have considered that there can be
multiple tokens with dominant probability mass
in the output distribution. For example, Ott et al.
(2018) shows that, for MT, model distribution is
highly spread in the hypothesis space. However,
they focus on its effect on model fitting and infer-
ence search rather than on QE. Other works focus
on sampling, where they try to find the set of domi-
nant tokens to sample from during output genera-
tion to maintain high quality but also high diversity.
Popular sampling strategies includes top-%£ (Fan
et al., 2018), top-p (Holtzman et al.), e-cut (Hewitt
et al., 2022), n-cut (Hewitt et al., 2022) and min-p
(Nguyen et al., 2024). For top-k, the assumption is
that, the top k& tokens with the highest probability
are the most important ones. For top-p, the most
important tokens are those with top probabilities
that sum up to p. For e-cut, the most important
token probabilities are larger than e. For n-cut,
the most important token probabilities are larger
than either 7 or /7 x exp(—entropy(P)), where
P is the output probability distribution. For min-p,
the most important tokens have probabilities larger
than the top-1 probability multiplied by p.

In our work, we focus on finding dominant to-
kens to boost their confidence for QE, rather than
to support sampling or search strategies during in-
ference.
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Source transcript: Mét s6 loai déng vat nhw voi va hwou cao cb thuong hay lai gén xe va chi véi céc dung cu binh thudng ching ta ciing sé quan sat mét cach dé dang.
Model output: Some animals such as elephants and raccoons often get close to cars and only with normal tools. We will also observe it easily.
Gold translation: Some animals, such as elephants and giraffes, tend to approach closely to cars and standard equipment will allow good viewing.

Some animals such as ...
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Figure 1: Whisper’s output probability distributions. (a) The model gives high probability to the correct translation
("elephants"). (b) The model gives low probability to all tokens, and outputs the wrong translation in the end
("raccoons" instead of "giraffes"). (c) The probabilities are lower due to probability mass being spread out between
multiple correct options (",", "like" and "such as), and do not indicate lower quality.

3 Model Probability — An Underconfident
Quality Estimator?

Ilustrative example Our investigation begins
with the example in Figure 1, where Whisper Large
V3 (Radford et al., 2023) translates a Vietnamese
audio sentence into English. Figure la (correct
translation to "elephants" and Figure 1b (wrong
translation to "raccoons") are intuitive: higher prob-
abilities indicate better output quality. However,
in Figure 1c, most probability mass is spread be-
tween three options: the comma ",", "like" and
"such as", all of which are reasonable outputs. The
probabilities here are lower, but do not indicate low
output quality. We suspect this happens due to the
ambiguous nature of the Speech Translation task.

Ambiguous Tasks By "ambiguous tasks", we re-
fer to tasks where for an input, there can be multiple
valid output options. We investigate the model be-
haviors when working on text-generation tasks with
ambiguity like Speech Translation (ST), where for
an input, multiple translations can be valid. We do
so by comparing to the less ambiguous Automatic
Speech Recognition (ASR) task, where for an input
audio, there is only one correct transcription. The
comparison is detailed below.

Output probability We analyze the output prob-
ability distributions of Whisper on the ASR and ST
tasks of the Fleurs data (Conneau et al., 2023) on
4 language pairs: Vietnamese-English, German-
English, Spanish-English and Chinese-English.
Looking at Figure 2a, for ASR, most finally chosen
tokens have very high probability values that are
close to 1. In contrast, for ST, the probability of

the finally chosen tokens spreads out much more.
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Figure 2: Model behaviours on ASR versus ST: (a)
output token probability, (b) nr. dominant tokens, and
(c) nr. correct tokens at every output step.

Dominant Tokens We take a closer look at the
number of tokens that have notably higher proba-
bility mass in the distribution. We refer to the set
of these tokens as dominant cluster, and the tokens
themselves as dominant tokens. We identify them
automatically using our heuristic later described in
Section 4, and report on the size of the clusters in
Figure 2b. Observe that clusters with sizes larger
than 1 only exist for the ambiguous ST task.

Valid Output Tokens We present these top to-
kens to human annotators, and ask them to annotate
which tokens are valid output (details in Appendix
A). Looking at Figure 2c, at each output step, most
of the time, there is only 1 correct output for ASR,
but more than 1 for ST. This indicates that, the
more spread-out probability distribution and the
existence of dominant clusters with size larger than
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1 are indeed due to the ambiguity of the ST task.

Underconfidence in Ambiguous Tasks Our
analysis shows that, text-generation tasks with am-
biguity introduce aleatoric uncertainty, i.e., un-
certainty coming from the data, which differs
from epistemic uncertainty, i.e., uncertainty com-
ing from the model’s incompetence. Aleatoric un-
certainty makes the model appear underconfident,
as the probability mass is spread over multiple
valid options. We discuss this underconfidence
phenomenon more formally with a theoretical anal-
ysis of the softmax function in Appendix B, where
we show that there exists an upperbound of the
probability scores assigned to every correct token
at an output step, which is dependent on the num-
ber of correct tokens. This observation brings us to
a simple modification to the model probability to
improve its effectiveness as a quality estimator, as
detailed below.

4 BOOSTEDPROB

We propose BOOSTEDPROB, a Quality Estimation
approach which boosts the confidence of the tokens
in the dominant clusters. The overall idea is that,
when the output token is dominant, instead of using
its own probability as the quality score, we use the
total probability mass of the dominant cluster.

Finding Dominant Tokens First, we identify
which tokens are in the dominant cluster given the
output distribution. Previous methods designed for
sampling might mistakenly account for tokens with
very low probability as dominant if they happen to,
e.g., be in the top-k of the probability distribution,
or fall within the top-p cumulative probability mass.
For sampling, this might not be a big issue, since to-
kens with very low probability are unlikely to be se-
lected anyway. However, for QE, it is problematic
since we would mistakenly boost the confidence of
low-quality output tokens. Therefore, we propose
a heuristic that looks for the dominant tokens in
a stricter manner. We look for a sudden drop in
the sorted probability values in order to separate
dominant from non-dominant tokens.

In particular: let X = x1, ..,z x| be the input
sequence, and Y = y1, .., y|y| be the model out-
put. At an output step ¢, let the model probabil-
ity distribution over the vocabulary V be P =
(p1,p2,---,pv)), where p; = Py, = w; |
y<t, X ) is the probability assigned to token w; at
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Figure 3: A dominant cluster found by our heuristic.

step t. First, we sort the probability distribution P:

Psorted = (p(l)ap(Q)a s 7p(|V|))7

where Py 2 P@) = = Pp(v))- Then, we calcu-
late the drops at each position, i.e., the differences
between two consecutive probability values:

7Ddiff - Psorted - Shift(Psorted)
= (P(1),P2), - - P(V|-1))

— (P@),P@), - PV])

We then check at which positions the drops are
significant. We propose a heuristic: if the drop is
larger than x%, then it is significant:

PisSigniﬁcantDrop = 7)diff > Psorted x %
= (p(i) — D(i+1) > Pi) X 2% fori=1..|V]—1)

Towards the distribution tail, the probabilities
get close to zero, thus many drops satisfy the
above condition although they are not significant
drops that intuitively separate dominant from non-
dominant tokens. Thus, we add another condition:
the drop itself should be larger than a threshold e:

PissignificantDrop

= (Pditf > Psorted X %) AND (Pyie > €)

= (p() — P(i+1) > max(pg) X %, €)
fori =1..|V|—1)

We arrived at a condition that considers both the
relative value (drops larger than x%) and absolute
value (drops larger than €), making our approach
more flexible in finding the dominant tokens in
different probability distributions.

The last significant drop is then the cutting point:

Cc= maX{i | PisSigniﬁcantDrop_i = True}
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where tokens with probabilities above the cutting
point are dominant, and others are non-dominant.
An illustration is shown in Figure 3.

Extracting Token Quality Score If the final out-
put token is non-dominant, then we consider its
own probability as the quality score. If the finally
selected token is dominant, we consider the total
probability mass of the whole dominant cluster as
the quality score. Particularly:

D) ifi >c

QE(w@) =\ 52 p,,, otherwise i < ¢
j=1

In this way, we favor the dominant tokens whose
probability mass was spread amongst multiple sen-
sible options, as described in Section 3.

Extracting sequence quality estimation The
QE score for the output sequence Y = yi, .., Y|y
is defined as the average of token-level QE scores:

Yl

QE(Y) =Y QE(y)
t=1

We theoretically show that BOOSTEDPROB
helps tackle the underconfidence phenomenon dis-
cussed in Section 3 by allowing multiple correct
output tokens to be assigned with a high, arbitrarily
close to 1 score, which we detail in Appendix B.

S Experimental Setup

We test BOOSTEDPROB on different tasks: Speech
Translation (ST), Machine/Text Translation (MT),
Summarization (Sum.), Question Answering (QA).

5.1 Data

The datasets are listed in Table 1. All datasets
contain the input and ground truth output. One
exception is WMT22 General (Kocmi et al., 2022),
which additionally contains candidate translations
of participants in the WMT22 Shared Task, along
with human-annotated quality scores (0 to 100) on
the segment level. Another exception is HIQE
(Yang et al., 2023), which additionally contains
model translation output from the WMT20 QE
Shared Task (Specia et al., 2020) along with human-
annotated quality labels (OK/BAD) on token level.

5.2 Models

The models used are listed in Table 2. Deltal M
Large is fine-tuned on 5M samples of ParaCrawl

Task * Dataset #samples Language
ST Fleurs 350 vi-en, de-en,
(Conneau et al., 2023) es-en, zh-en
MT ParaCrawl 5000 en-de, zh-en
(Baiién et al., 2020)
WMT22 General 2000 en-de, zh-en
(Kocmi et al., 2022)
HIQE 1000 en-de, en-zh
(Yang et al., 2023)
Sum.  XSum 3000 en
(Narayan et al., 2018)
QA GSM8k 3000 en
(Cobbe et al., 2021)
SciEx 1120 en,de

(Dinh et al., 2024a)

Table 1: Data used in our experiments.

MT data, filtered by Bicleaner Al (Zaragoza-
Bernabeu et al., 2022; de Gibert et al., 2024).
Llama 3.3 70B is used with 4-bit quantization.

For smaller models, i.e., Whisper and DeltalLM,
we generate output using beam search with beam
size 4. For other models, we generate output with
greedy search.

Task * Model Size
ST Whisper Large V3 (Radford et al., 2023) 1550M
MT DeltaLM Large (Ma et al., 2021) 1374M

NLLB (Costa-Jussa et al., 2022) 3.3B

Tower (Alves et al., 2024) 7B
Sum. Bloomz (Muennighoff et al., 2023) 560M
+ QA Llama 3.2 (Touvron et al., 2023) 3B

Llama 3.3 Instruct (Touvron et al., 2023) 70B

Table 2: Models used in our experiments.

5.3 Baselines

Probability-based baselines We consider raw
model probability, which uses the probability of
the final output tokens, and probability entropy,
which uses the entropy of the whole probability dis-
tribution. These baselines are the most comparable
to our approach, as they require only the probability
distributions. We use them as the main baselines
throughout our experiments.

In some setups, we also consider more complex
baselines, as detailed below.

Supervised QE Baseline For some translation
tasks, we use a supervised QE model, WMT22
CometKiwi DA (Rei et al., 2022). The model is
trained on tuples of (SRC, MT, DA), where SRC is
the source sentence, MT is the MT output, and DA
is the Direct Assessment scores by humans. Note
that this kind of supervised QE is mostly common
for translation. For other tasks like summarization
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or question-answering, it is costly and not common
to obtain such human-annotated quality.

Unsupervised, Ensemble-based Baselines For
the word-level QE task on MT, we compare our
approach with Perturbation-based QE (Dinh and
Niehues, 2023), which makes minimal perturba-
tions on the source input and measures the changes
in the output as an indication of quality. For a sub-
set of the experiments, we compare our approach
with Monte Carlo sequence entropy (Malinin and
Gales, 2021; Kuhn et al., 2023), which samples sev-
eral output sequences and computes sequence-level
entropy. These baselines are much more costly, as
they require the generation of multiple outputs.

LLM self-judge We also compare our approach
against a recent baseline, LLM-as-a-Judge (Zheng
et al., 2023). To make this baseline more compara-
ble to our reference-free QE, no-external-model set-
ting, we adapt it to an LLM self-judge setup, where
the model is asked to assign a quality score to its
own output. This method requires an additional
inference step and is not applicable to task-specific
models such as Whisper and NLLB.

5.4 Hyperparameters

We loosely tune the hyperparameters, i.e., x and
€, on three models: Whisper, DeltalLM Large and
Tower (see Appendix C). For these models, x =
30% and € = 0.005 are either the best or close to
the best set of hyperparameters, showing that our
approach is robust to hyperparameter setup. We
then use these hyperparameters for all experiments.

5.5 Evaluation

On the segment level, we use Pearson correlation to
measure how well QE methods correlate with the
gold quality annotation. On the token level (HIQE
dataset with OK/BAD labels), we use the Matthews
correlation coefficient (MCC) scores (Matthews,
1975). The gold quality annotation is either auto-
matically generated, or annotated by humans on
pre-generated model output, as detailed below.

5.5.1 Automatically Generated Gold Quality

We create pseudo ground-truth quality scores to
evaluate our reference-free QE methods using
reference-based metrics. Reference-based metrics
use human ground-truth answers in order to as-
sign a quality score to a model output. We expect
reference-based metrics to produce more reliable

quality scores compared to reference-free QE meth-
ods, thus choosing them as pseudo ground-truth for
evaluation.

Speech and Text Translation We use XCOMET-
XL (Guerreiro et al., 2024) to generate pseudo
ground-truth quality for translations. XCOMET-
XL is a reference-based neural model. Dinh et al.
(2024b) showed that, for MT, such reference-based
neural metrics are good enough to be used as the
ground truth to rank reference-free QE metrics.

Summarization and Question Answering We
use BART Score (Yuan et al., 2021) as pseudo
ground-truth output quality. The quality scores
are calculated as the BART (Lewis et al., 2020)
model probability of the output given the input text.
Unlike for MT, there has not been any study show-
ing that reference-based metrics like Bart Score
are sufficient as the ground truth for reference-free
QE metrics. Therefore, we additionally report on
other reference-based metrics in Appendix E, in-
cluding RougeLL (Lin, 2004), BertScore (Zhang
et al., 2019), and LLM-as-a-Judge (Zheng et al.,
2023) with Qwen2.5 72B Instruct (Team, 2024).

5.5.2 Human-labeled Gold Quality

As described in Section 5.1, the WMT22 General
and the HIQE datasets contain human-annotated
quality labels on pre-generated output. To utilize
these labels, we use the translation models of con-
sideration to re-generate the output presented in
these datasets with forced decoding, also known as
reference-free Prism (Thompson and Post, 2020).

6 Results and Discussion

6.1 Opverall Performance

The overall performance of BOOSTEDPROB, in
comparison with the raw probability and probabil-
ity entropy baselines, is shown in Table 3. BOOST-
EDPROB consistently outperforms raw probabil-
ity by a large margin (+0.194 Pearson correlation
on average). Probability entropy appears to be a
stronger baseline. This is expected since it takes
into account the whole probability distribution at
each output step. However, unlike BOOSTEDPROB,
probability entropy does not consider which token
was finally selected. Therefore, BOOSTEDPROB
on average still has better performance than proba-
bility entropy (+0.065 in Pearson correlation).

The performance of BOOSTEDPROB is consis-
tent for translation. It obtains more than 0.2 Pear-
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Model Test Set Language Probability Entropy BOOSTEDPROB (OURS)
Speech Translation ~ Whisper Fleurs vi-en 0.112 0.379 0.417
Fleurs de-en 0.213 0.402 0.385
Fleurs es-en 0.193 0.295 0.319
Fleurs cmn-en 0.053 0.387 0.424
Machine Translation DeltaLM WMT?22 General en-de 0.165 0.169 0.319
WMT?22 General zh-en 0.253 0.082 0.688
NLLB WMT?22 General en-de 0.141 0.480 0.525
WMT?22 General zh-en 0.182 0.211 0.289
Tower WMT22 General en-de 0.158 0.399 0.414
WMT?22 General zh-en 0.005 0.232 0.240
Summarization Bloomz 560M XSum en -0.003 0.176 0.210
Llama3.23B  XSum en 0.002 0.201 0.209
Llama3.3 70B  XSum en 0.001 0.000 0.004
Question Answering Bloomz 560M  GSMS8K en -0.002 0.111 0.009
(Math) Llama3.23B  GSMSK en -0.007 0.006 0.111
Llama3.3 70B  GSMSK en -0.001 0.005 0.006
Question Answering Bloomz 560M  SciEx en,de -0.002 0.005 0.006
(University Exam) Llama3.2 3B SciEx en,de 0.002 0.228 0.310
Llama3.3 70B SciEx en,de 0.103 0.180 0.180
Average 0.083 0.208 0.268

Table 3: Performance of QE methods, in Pearson correlation to gold quality, across different tasks, models, test sets.

son correlation across all settings. On the other
hand, we observe cases where the two baselines fail.
On Fleurs zh-en with Whisper and WMT?22 Gen-
eral zh-en with Tower, raw probability has very low
performance, at 0.053 and 0.005 in Pearson correla-
tion, respectively, while BOOSTEDPROB achieves
0.424 and 0.240. On WMT22 General zh-en with
DeltalLM, probability entropy obtains 0.082 score,
while BOOSTEDPROB achieves 0.688. This is pos-
sibly due to BOOSTEDPROB looking at both the
whole probability distribution as well as which to-
ken is selected, differing from the two baselines.
The performance on Summarization and Ques-
tion Answering is more inconsistent. In some set-
tings, all methods have very low performance, un-
der 0.1 in Pearson correlation. This could be due to
the complexity of the task, or Bart Score gold qual-
ity labels are not sufficient to rank QE methods.
We also compare BOOSTEDPROB with more ad-
vanced methods, namely Monte Carlo sequence en-
tropy (Malinin and Gales, 2021; Kuhn et al., 2023)
and LLM self-judge. As shown in Table 4, the re-
sults are mixed: our approach outperforms these
baselines in certain settings. It is important to note,
however, that these baselines are more costly and
less flexible. Monte Carlo sequence entropy re-
quires generating multiple output samples, while
LLM self-judge requires an additional inference
pass and is not applicable to task-specific models.

"Tower is an LLM; however, we often observe that it fails
in our specific self-judge setting, i.e., fails to produce a single
quality score for a given translation. This is likely because the
version of Tower we used was not trained for this task.

Model Lang. Monte LLM Self Boosted
Carlo  judge Prob
MT NLLB en-de 0.303 - 0.525
zh-en 0.337 - 0.289
Tower en-de 0.302 - 0.414
zh-en 0.240 - 0.240
Sum. Bloomz 560M en 0.236 0.149 0.210
Llama3.23B en 0.005 0.159 0.209
QA  Bloomz 560M en 0.003 0.019 0.009
Llama3.23B en 0.175 0.232 0.111

Table 4: BOOSTEDPROB vs. Monte Carlo entropy and
LLM self-judge. LLM self-judge is not applicable for
task-specific models. "

One potential concern is whether the differences
in the inference process affect the reported results.
BOOSTEDPROB is designed to be applicable across
inference methods (e.g., greedy decoding, beam
search, top-p sampling), since it does not rely on
the model always selecting the top-probability to-
ken. Furthermore, to address potential variability
due to randomness, we provide example results
across multiple runs with different random seeds
in Appendix D.

6.2 Scoring Other Models’ Output (Prism)

We evaluate BOOSTEDPROB on top of reference-
free Prism: using MT models to score other trans-
lations with forced decoding. As scoring models,
we use the model presented in the Prism paper, and
NLLB, as it is a strong multilingual MT model, fol-
lowing the previous work of Zouhar et al. (2024).
We make use of the WMT22 General Shared
Task data. We select the best and the worst partici-
pation systems from the shared task, by taking the
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Scoring Model ~ Prism Original NLLB
Scored Model Best Worst Best Worst

MT MT MT MT Avg.
en-de
Probability 0.020 0.130 0.068 0.061 0.070
Entropy 0.056 0.147 0.123 0318 0.161
BOOSTEDPROB 0.032 0.147 0.129 0.384 0.173
Supervised QE  0.202  0.453 0.202 0.453 0.328
zh-en
Probability 0.205 0.285 0.153 0.085 0.182
Entropy 0.246 0.299 0.095 0.194 0.209
BOOSTEDPROB 0.251 0.317 0.153 0.231 0.238
Supervised QE  0.341 0.429 0.341 0.429 0.385

Table 5: Performance of QE methods with Prism, in
Pearson correlation to human-labeled quality score.

average of the human-labeled quality scores on all
outputs of each system. We refer to them as Best
MT and Worst MT. We calculate the correlation
between the QE scores to the human-labeled score.

From Table 5, we can see that BOOSTEDPROB
brings improvement on top of Prism, which orig-
inally made use of the raw model probability. As
a result, it shrinks the gap between Prism and the
more costly supervised QE baseline.

6.3 Word-level Quality Estimation

We evaluate QE methods on annotating pre-
generated translations with OK/BAD quality la-
bels on HIQE. We again use Prism and NLLB as
scoring models. We also use the original models
that generated the translations in HIQE. As the QE
methods provide a continuous score, we use the de-
velopment split of HIQE to find the best threshold
to convert the scores to the OK/BAD labels.

en-de  en-zh Avg.

NLLB

Probability 0.201 0.094  0.147
Entropy -0.042  0.007 -0.017
BOOSTEDPROB 0.204  0.123  0.164
Prism

Probability 0.157  0.084  0.120
Entropy -0.010  0.037  0.013
BOOSTEDPROB 0.193  0.115 0.154
Original Model

Probability 0.143  0.176  0.159
Entropy -0.074 -0.142  -0.108
BOOSTEDPROB 0.146  0.232  0.189
Perturbation-based QE ~ 0.120  0.215  0.167
Supervised QE 0.220 0.257  0.239

Table 6: Performance of token-level QE in MCC scores.

The QE performance in MCC score is shown
in Table 6. We again observe that BOOSTED-
PROB achieves the best performance among the
probability-based QE methods, and comes closer
to the performance of the supervised QE. In this

experiment, we can see that the probability entropy
baseline fails. This is probably due to this baseline
not considering the final output token. When eval-
uating on the sentence level, we hypothesize that
the probability entropy would at least indicate the
quality of the model prefix during autoregressive
generation, thus having reasonable performance,
while failing completely in this case where each
token is evaluated independently.

Using the original MT model, with BOOSTED-
PROB, we outperform Perturbation-based QE on
the en-zh language pair. Note that with BOOSTED-
PROB, we only need a single inference pass, unlike
the Perturbation-based QE baseline.

6.4 Effect of Generative Performance

We investigate how BOOSTEDPROB works for
models of different quality. We investigate this on
Speech Translation, with Whisper models of vary-
ing sizes for a more controlled experiment: Whis-
per Tiny, Whisper Base, Whisper Small, Whisper
Medium, and Whisper Large V3. We run the mod-
els on the Fleurs test set on four different language
pairs as before. We report the model translation per-
formance (in XCOMET) and the QE performance
(in Pearson) alongside in Figure 4.

0.6
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g . *
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Translation performance

Figure 4: Model quality versus QE performance.

We see that the QE performance of the raw
model probability stays consistently low. How-
ever, with BOOSTEDPROB, the QE performance
improves as the quality of the model improves.
This indicates that, with BOOSTEDPROB, improv-
ing a model’s quality would come with improving
its ability to do self-evaluation. Figure 4 also ex-
poses a limitation of our approach, since it wors-
ens the QE performance compared to raw prob-
ability for very weak models. The reason might
be due to our approach mistakenly emphasizing
the weak models’ overconfidence (Appendix F). In
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these cases, we recommend using a stronger model
to score the output of the weak model, rather than
using the probability of the weak model to score
itself, like in the Prism setting (Section 6.2).

6.5 Finding Dominant Cluster

MCC score Best hyperparams *
en-de en-zh en-de en-zh
Prism
top-k 0.190 0.107 k=7 k=7
e-cut 0.189 0.112  €=0.01 €=0.005
n-cut 0.147 0.100 €=0.005 €=0.01
top-p 0.119 0.071 p=0.7 p=0.95
min-p 0.156 0.085 p=0.95 p=0.90
jump-cut (ours) 0.193  0.115 z=0.3 x=0.3
€=0.005 €=0.005
NLLB
top-k 0.203  0.123 k=5 k=5
e-cut 0.203 0.121 €=0.05 €=0.005
n-cut 0.180 0.105 €=0.2 €=0.01
top-p 0.171 0.066 p=0.7 p=0.95
min-p 0.199 0.095 p=0.7 p=0.80
jump-cut (ours)  0.204 0.123 2=0.2 x=0.3
€=0.01 €=0.005

* Best hyperparameters found on the dev split.

Table 7: BOOSTEDPROB’s token-level QE performance
when using different methods to find dominant clusters.

We compare our method with other common
methods, originally used for sampling (see Section
2.2 and 4), to find the dominant tokens for BOOST-
EDPROB. We again experiment on token-level QE
on HIQE. We use the HIQE development split to
find the best hyperparameter for each method.

The results are shown in Table 7. We denote our
method as "jump-cut”. Our method performs gen-
erally better than others, however, not by a large
margin. Surprisingly, top-k performs comparably
to our approach despite naively assuming the dom-
inant cluster size to be fixed. This might be due to
two reasons. Firstly, the HIQE dev and test sets are
potentially similar, thus tuning a good k value is
enough to achieve good performance. Secondly, as
tokens with very low probability are unlikely to be
chosen as the final output, it does not bring notable
negative effect in terms of MCC score for top-k.

However, as discussed in Section 4, our method
would still be a safer choice, as it would avoid
mistakenly considering very low probability tokens
as dominant, in the rare case that they are selected
as the final output. Additionally, our method is
more robust to hyperparameters: in three out of
four settings in Table 7, we arrive at x = 30%, € =
0.005, which are the same hyperparameter values
we found before (Appendix C).

7 Conclusion

In this paper, we first perform automatic and man-
ual analysis showing the existence of dominant
clusters with sizes larger than 1 in model output
probability distributions, which happens for am-
biguous text-generation tasks. We show that the to-
kens in the dominant clusters are underconfident,
as their probability is spread between multiple valid
options. We proposed BOOSTEDPROB - a QE
method that boosts the confidence of the dominant
tokens. Since BOOSTEDPROB only utilizes the
model probability distribution, it is low-cost, easy
to implement, and can be applied to many model
architectures. We show that BOOSTEDPROB per-
forms notably better than model probability and
probability entropy. It is also reaching close to
or outperforming more costly approaches like su-
pervised or ensemble-based QE in certain settings.
With BOOSTEDPROB, improving models’ quality
comes with improving their self-evaluation ability.

8 Limitations

BOOSTEDPROB does not work well with very weak
models, as it might emphasize weak models’ over-
confidence. This is mentioned in Section 6.4, and
further discussed in Appendix F. In these cases, we
recommend using BOOSTEDPROB with a strong
model to score the output of the weak model. This
is the setting of Prism, which we have reported on
in Section 6.2. BOOSTEDPROB is also unlikely
to have an effect for less ambiguous text gener-
ation tasks like Automatic Speech Recognition,
or multiple-choice Question-Answering, since the
dominant clusters with sizes larger than one are
unlikely to appear (see Appendix G). One can also
argue that, unsupervised QE methods are in general
not very useful whenever a supervised model exists
(like in Speech Translation and Machine Transla-
tion). However, in these cases, our approach still
brings benefits in terms of simplicity in implemen-
tation and inference time, compared to having an
extra module for supervised QE in a translation
pipeline.
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A Human Analysis of Valid Output
Tokens

We perform a human analysis on the number of
valid tokens at each output step. We consider
the ambiguous Speech Translation (ST) task on
Vietnamese-English, and the less-ambiguous Auto-
matic Speech Recognition (ASR) task on English.
We use Whisper Larger V3 output on the Fleurs
test set. We identify the dominant tokens at each
output step using our approach presented in Sec-
tion 4, show them to the annotators, and ask the
annotators to mark which tokens are the correct
output. Figure 5 contains snapshots of the forms
we gave to the annotators.

Human Evaluation of Dominant Cluster in
Generation Model (en-en)

For each below item, given the English reference sentence and the partial English model
output transcription, choose the tokens that are valid next output.

Human Evaluation of Dominant Cluster in
Generation Model (vi-en)

For each below item, given the Vietnamese source sentence and the partial English model
output translation, mark the tokens that are valid next output.

6/50 SOURCE SENTENCE: Van héa va bb lac c8 xua d& bt dau gitt nhirng con vat *
nay dé dé |8y sira, téc, thit, va da.. MODEL OUTPUT: The ancient culture and
culture...

started
began
have
[ had
|:| of
D has

[CJ None of the above.

7/50 SOURCE SENTENCE: Van héa va bd lac ¢8 xua da bat dau gilr nhitng con vat *
nay dé dé Idy sifa, téc, thit, va da.. MODEL OUTPUT: The ancient culture and
culture began...

keeping
with
to

D None of the above.

Figure 5: Snapshots of the forms provided to human
annotators.

In this study, we presented 50 samples to two an-
notators and reported their average responses. Both
annotators are students, native Vietnamese speak-
ers with undergraduate and postgraduate education

conducted in English, ensuring high proficiency
in both languages. They voluntarily participated
in this study without payment, and agreed to their
responses being published in this paper.

The results on the number of valid tokens at each
output step are already discussed in Section 3, Fig-
ure 2c. Additionally, we calculate the portion of
tokens within the dominant clusters that are actu-
ally valid output. We obtained 89.02% for the ST
task, and 66.86% for the ASR task. This again
shows the effectiveness of our approach to identify
tokens that are important within the output distri-
butions for ambiguous tasks, and its weaker usage
for less ambiguous tasks.

B Theoretical Analysis

Language models generate text by predicting the
next token y; given the previous context y.; and
the input X, using conditional probability:

P(yi|ly<e, X) = softmaz(z)

where z; € R!V! is the logit vector at output step
t over the vocabulary V.

The softmax function defines the probability of
the selected token w; € V as:

g7t

P(ys = wily<t, X) = —pr——
z| <t ) Z‘J‘il e*t,j

The softmax function satisfies: P(y; = w;) >0

v
and SV Py = wy) = 1.
In natural language, multiple tokens can be the
valid next output. Let:

o C' = {We1,we2, ...} C V: the set of correct
tokens at step ¢

* |C| = k: number of correct tokens.

If we want each correct token to have a minimum
probability p,,n, then:

e
However, since ), , P(y; = w;) = 1, we
must have:
1
k *Dmin < 1 = Dmin < E

Thus, as k increases, the maximum assignable
probability to each correct token decreases, leading
to underconfidence.
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With BOOSTEDPROB, we instead use the sum
of the probability mass of C' as the quality score:

BooostedProb(y; = we1)
= BooostedProb(y; = we2)

= Po =) Py = wily<s, X)
ieC

The only condition on F¢ is that Po < 1. There-
fore, with BoostedProb, p,,;, can have a high value
close to one, regardless of the size of C, thus tack-
ling the underconfidence issue.

C Hyperparameters Tuning

C.1 Finding Dominant Tokens

We tune the hyperparameters for our approach, i.e.,
the value of x% that defines the relative thresh-
old, and the value of € that defines the absolute
threshold that makes a reduction in probability
mass significant, thus separating dominant from
non-dominant tokens. The set of candidate val-
ues for % is {0.2,0.3,0.4,0.5,0.6}. The set of
candidate values for € is {0.005,0.01,0.1}.

We perform hyperparameter tuning on the devel-
opment splits of the datasets: 5,000 samples from
ParaCrawl for each of the language pairs en-de and
zh-en for Machine Translation, and the pre-defined
development split of Fleurs on 4 language pairs de-
en, es-en, vi-en, zh-en for Speech Translation. We
tune for three models: Whisper Large V3, DeltaLM
and Tower, take the average over all language pairs,
and report the results in Figure 6, Figure 7 and
Figure 8, respectively.

0.44
042) v
3 .—/\o\.
< 0.40
£
5 0.38
h=
& 0.36 1
w
& €
0.321 0.01
—— 0.1
0.30+— T T : ;
0.2 0.3 0.4 0.5 0.6

Figure 6: Hyperparameter tuning on Whisper Large V3.
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Figure 7: Hyperparameter tuning on DeltalLM Large.
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Figure 8: Hyperparameter tuning on Tower.

As can be seen from the plots, for all models, the
hyperparameter set with z = 0.3 and ¢ = 0.005
gives the best or close to the best performance.
This shows that our approach is rather robust to
hyperparameters. As a result, we use these values
for all of our experiments in the paper.

C.2 Sequence Aggregation of Token Scores

We also experiment with different ways to aggre-
gate token-level scores to sequence-level scores
with our approach. We try taking the mean, the
median, and the minimum of the token-level scores.
We also try counting the number of output tokens
in the sequence that are within the dominant clus-
ters, rather than using the probability mass of the
clusters.

The results are shown in Table 8. As can be seen,
using the probability mass is better than simply
counting the number of dominant tokens. Taking
the mean of the token scores is better than tak-
ing the median, potentially due to the median ig-
noring catastrophic token-level errors. Taking the
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minimum of the token scores ended up giving bet-
ter performance than taking the mean, indicating
that the quality of the lowest-score token might
be sufficient to represent the quality of the whole
sequence. However, we stick with using the mean
as the token-to-sequence score aggregation method
in our experiments, in order to have a more global
view of the whole sequence quality.

Whisper DeltaLM  Tower  Avg.
Mean 0.419 0.319 0204 0.314
Median 0.272 0.253 0.147 0.224
Min 0.439 0.436 0.236  0.370
Nr. Dominant 0.107 0.315 0216  0.213

Table 8: Different token-to-sequence scrore aggregation
methods.

D Randomness in Inference

To account for randomness in the inference process,
it is ideal to repeat each experiment with different
random seeds and report the variance. However,
this approach is computationally expensive. In
our work, we instead prioritize running a broad
set of experiments across models and tasks, rather
than repeating each experiment multiple times. For
illustration, we conduct an additional study with
multiple seeds in one setting: the NLLB model
on a translation task. Specifically, we apply top-p
sampling with p = 0.5 and repeat the experiment
using five different seeds (integers from 0 to 4). The
results, which incorporate performance variance,
are presented in Table 9 and demonstrate that our
approach consistently outperforms the baselines.

Lang.  Probability Entropy BOOSTEDPROB
en-de 0.142 £0.002 0.449 £ 0.030 0.481 £ 0.039
zh-en 0.184 £0.004 0.226 £0.010 0.312 & 0.010

Table 9: Performance of QE methods in Pearson corre-
lation across runs with different random seed on NLLB
translation.

E Correlation with ROUGE-L and
BertScore

Since relying on a single reference-based metric -
specifically BARTScore in our main experiments -
may not provide a sufficiently robust ground truth
for evaluating reference-free Quality Estimation
approaches, we additionally report results using
ROUGE-L (Lin and Och, 2004) and BERTScore
(Zhang et al., 2019). We also repeat the results on

Bart Score, which we presented in Section 6.1, for
a more complete overview.

The results are shown in Table 10. With all three
ground truth metrics, we generally observe similar
patterns: our BOOSTEDPROB approach performs
better than the raw probability and the probability
entropy. One exception is on the Question Answer-
ing task evaluated with Bert Score as ground truth,
where all QE approaches give a negative correla-
tion most of the time. This is possible due to the
GSMSk test set is about solving math problems.
Bert Score might not be a suitable metric, since it
compares the contextual embeddings of the model
output to the reference, which might not emphasize
critical errors with wrong number output in math
problems, since numbers might be close to each
other in the embedding space.

F Negative Effect on Very Weak Models

As mentioned in Section 6.4, BOOSTEDPROB im-
proves QE performance of output probability for
stronger models, but worsens it for weak mod-
els. This is somewhat expected, since the moti-
vation of BOOSTEDPROB is to improve cases when
the model is underconfident. It does not consider
the cases when a low-quality model is overconfi-
dent and constantly assigns high probability val-
ues to the wrong token. To test whether this is
truly the cause, we manually look at some output
by the worst-performing model, Whisper Tiny, on
Chinese-to-English test data. One example is as
follows:
Source:
s A"
Reference: "It has brought us the train, the car,
and many other transportation devices."

Model output: "There we have it."

"HTE, BAAET KE . REMFLE

Observe that the model exhibits signs of halluci-
nation, as the output is quite irrelevant to the input
sentence and the ground-truth reference. However,
when we look at the probability distributions of
the output tokens, they do form dominant clusters.
For example, at the third output step after "There
we ...", the dominant next tokens assigned by the
model are "are", "have" and "go", as shown in Fig-
ure 9. These tokens seem to be hallucinated: they
are common words that might come after "There
we ...", but are quite irrelevant to the input sen-
tence. In cases like this, by favoring the dominant
tokens, our approach emphasizes the models’ over-
confidence, thus leading to bad quality estimation
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Ground Truth Task Model Test Set Language Probability Entropy BoostedProb
Bart Score Summarization Bloomz 560M  XSum en -0.003 0.176 0.210
Llama3.2 3B  XSum en 0.002 0.201 0.209
Llama3.3 70B XSum en 0.001 0.000 0.004
Question Answering Bloomz 560M GSM8K en -0.002 0.111 0.009
(Math) Llama3.23B GSM8K en -0.007 0.006 0.111
Llama3.3 70B GSMS8K en -0.001 0.005 0.006
Question Answering Bloomz 560M  SciEx en,de -0.002 0.005 0.006
(University Exam)  Llama3.2 3B SciEx en,de 0.002 0.228 0.310
Llama3.3 70B  SciEx en,de 0.103 0.180 0.180
RougeL Summarization Bloomz 560M XSum en 0.048 0.176 0.216
Llama3.23B  XSum en -0.207 0.632 0.619
Llama3.3 70B  XSum en 0.061 0.001 0.061
Question Answering Bloomz 560M GSMS8K en 0.049 0.107 0.125
(Math) Llama3.23B  GSMSK en -0.169 -0.054 0.079
Llama3.3 70B GSM8K en 0.148 0.294 0.227
Question Answering Bloomz 560M  SciEx en,de -0.273 0.473 0.497
(University Exam) Llama3.2 3B SciEx en,de 0.102 0.138 0.141
Llama3.3 70B SciEx en,de 0.182 0.204 0.223
Bert Score Summarization Bloomz 560M XSum en -0.083 0.023 0.111
Llama3.23B  XSum en -0.121 0.091 0.099
Llama3.3 70B XSum en 0.070 -0.024 0.162
Question Answering Bloomz 560M GSMS8K en -0.022 -0.022 -0.038
(Math) Llama3.23B  GSMSK en -0.121 -0.257 -0.126
Llama3.3 70B GSM8K en 0.121 -0.361 -0.257
Question Answering Bloomz 560M  SciEx en,de 0.420 0411 0.434
(University Exam) Llama3.23B  SciEx en,de 0.009 0.007 0.015
Llama3.3 70B  SciEx en,de 0.005 0.164 0.380
LLM-as-a-Judge Summarization Bloomz 560M  XSum en 0.014 0.265 0.287
Llama3.23B  XSum en -0.039 0.000 0.156
Llama3.3 70B  XSum en 0.018 0.130 0.184
Question Answering Bloomz 560M GSMS8K en 0.002 0.023 -0.013
(Math) Llama3.2 3B  GSM8K en 0.015 -0.204 0.128
Llama3.3 70B GSM8K en 0.024 -0.035 0.053
Question Answering Bloomz 560M SciEx en,de 0.539 0.646 0.654
(University Exam) Llama3.2 3B SciEx en,de -0.030 -0.123 -0.008
Llama3.3 70B  SciEx en,de 0.076 0.229 0.305

Table 10: Correlation of different quality scores to different ground truth metrics: Bart Score, RougeL, BertScore,
and LLM-as-a-Judge with Qwen2.5 72B.
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Figure 9: Example of Whisper Tiny’s hallucinated prob-
ability distribution at an output step.

G Effect on Less Ambiguous Tasks

We expect that BOOSTEDPROB is unlikely to have
major differences from raw model probability on
less ambiguous tasks, such as Automatic Speech
Recognition (ASR). Recall that for ASR, the size
of the dominant clusters is usually 1 (see Section 3,
Figure 2b). Therefore, using the total probability
mass of the dominant cluster in BOOSTEDPROB
would be the same as using the raw model proba-
bility of the single dominant token.

We confirm this hypothesis by applying BOOST-
EDPROB on the ASR task with Whisper Large V3
and the Fleurs test set, as shown in Table 11. The
QE performance here is the Pearson correlation
of the QE scores with the Word Error Rate of the
transcription output. As can be seen, the QE per-
formance of BOOSTEDPROB is similar to that of
the raw model probability.

en de es zh
Probability 0.363 0346 0375 0.375
BOOSTEDPROB  0.364 0.378 0.383 0.396

Table 11: BOOSTEDPROB versus raw probability on
ASR tasks.

We can conclude that BOOSTEDPROB gives the
same or better QE performance than the raw model
probability, depending on the magnitude of ambi-
guity of the task at hand.

H Discussion on Overall QE correlations

As can be seen in Section 6.1 and Section 6.2, our
method gives around 0.3 points on average, and
0.688 at max in Pearson correlation with the gold
quality score. One can raise the question: Can
this be interpreted as correlated at all? Does this
mean that the proposed approach (as well as the
baselines) offers very limited practical use?

Note that Pearson correlation ranges between
-1 and 1. An example plot of our BoostedProb
approach with NLLB on Prism, in correlation with
human scores, on the WMT 22 en-de data is shown
in Figure 10. With Pearson correlation of 0.384,
we can already see the positive trend from the plot.

As can be seen in Section 6.2, even the super-
vised Quality Estimation model obtained around
0.4 correlation. As a broader pointer, we can con-
sider the results of a recent public shared task
on Quality Estimation for Machine Translation at
WMT 2024 (Zerva et al., 2024). In their findings,
page 103, appendix B, Table 8, the Pearson cor-
relations of the participating QE systems are also
around 0.4, including the SOTA system by Unba-
bel.

Even with this current progress of the field, Qual-
ity Estimation has already shown to be useful in
many applications, e.g., guiding the decoding pro-
cess to generate better translation (Fernandes et al.,
2022), supporting post-editing (Deoghare et al.,
2023), or to filter out synthetically created bilin-
gual data (Peter et al., 2023).
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Figure 10: Illustration of the positive correlation be-
tween our method on top of Prism with NLLB and the
human score, on the WMT22 General data, en-de.

I Tools and Hardwares

The Speech Translation experiments are conducted
using Huggingface (Wolf, 2019). The Text Transla-
tion experiments are conducted using Fairseq (Ott
et al., 2019). The Summarization and Question
Answering experiments are conducted using LM-
Polygraph (Fadeeva et al., 2023). For all experi-
ments, we use A100 GPUs with 40GB of memory.
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J License For Artifacts

The license for artifacts used in our paper is as
follows:

¢ Fleurs dataset (Conneau et al., 2023): CC BY
4.0

¢ ParaCrawl dataset (Banén et al., 2020): Cre-
ative Commons CCO

e WMT?22 General dataset (Kocmi et al., 2022):
Apache License 2.0

e XSum dataset (Narayan et al., 2018): MIT
License

¢ GSMBS8k dataset (Cobbe et al., 2021): MIT
License

* Whisper models (Radford et al.,, 2023):
Apache License 2.0

e DeltaLM model (Ma et al., 2021): MIT Li-
cense

e NLLB model (Costa-Jussa et al., 2022): CC
BY NC 4.0

¢ Tower model (Alves et al., 2024): CC BY NC
4.0

* Bloomz model (Muennighoff et al., 2023):
The BigScience RAIL License

e Llama 3.2 models (Touvron et al., 2023):
Llama 3.2 Community License Agreement

e Llama 3.3 models (Touvron et al., 2023):
Llama 3.3 Community License Agreement
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