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Abstract

In recent years, the non-deterministic proper-
ties of language models have garnered consid-
erable attention and have shown a significant
influence on real-world applications. How-
ever, such properties remain under-explored
in machine translation (MT), a complex, non-
deterministic NLP task. In this study, we
systematically evaluate modern MT systems
and identify temperature-constrained Non-
Deterministic MT (ND-MT) as a distinct phe-
nomenon. Additionally, we demonstrate that
ND-MT exhibits significant potential in ad-
dressing the multi-modality issue that has long
challenged MT research and provides higher-
quality candidates than Deterministic MT (D-
MT) under temperature constraints. However,
ND-MT introduces new challenges in evaluat-
ing system performance. Specifically, the eval-
uation framework designed for D-MT fails to
yield consistent evaluation results when applied
to ND-MT. We further investigate this emerg-
ing challenge by evaluating five state-of-the-
art ND-MT systems across three open datasets
using both lexical-based and semantic-based
metrics at varying sampling sizes. The results
reveal a Buckets effect across these systems:
the lowest-quality candidate generated by ND-
MT consistently determines the overall system
ranking across different sampling sizes for all
reasonable metrics. Furthermore, we propose
the ExpectoSample strategy to automatically
assess the reliability of evaluation metrics for
selecting robust ND-MT.

1 Introduction

The revolutionary development of large language
models and their emergent capabilities (Wei et al.,
2022) has demonstrated significant influence across
various fields, including complex downstream NLP
tasks (Wang et al., 2019; Hendrycks et al., 2021;
Li et al., 2024), science (D’Souza et al., 2025),
and mathematical reasoning (Ahn et al., 2024).
In recent years, researchers have increasingly

recognized the non-deterministic properties (Atil
et al., 2025; Song et al., 2025) of LLMs and re-
vealed their potential in enabling chat-box appli-
cations (DeepSeek-Al, 2025; OpenAl et al., 2024;
Yang et al., 2025). Recent studies have also con-
ducted fine-grained exploration and analysis of
this property, primarily focusing on deterministic
tasks (Song et al., 2025; Kuhn et al., 2023) such
as question answering. However, the impact of
such properties on machine translation—a com-
plex, non-deterministic NLP task—remains under-
explored. In this paper, we examine modern Non-
Deterministic Machine Translation (ND-MT) sys-
tems to investigate the potential and challenges of
non-determinism in this context.

We first address one of the most prominent chal-
lenges in MT: multi-modality (Papineni et al., 2002;
Bao et al., 2023), which refers to the phenomenon
where a single source sentence can have multi-
ple candidates. This challenge becomes particu-
larly problematic in automatic evaluation due to the
scarcity of comprehensive reference sets (Papineni
et al., 2002; Popovié, 2015; Rei et al., 2022b) in
most cases, as well as the need to evaluate one can-
didate from D-MT. Previous research has employed
human assessment (Kocmi et al., 2024, 2023, 2025)
to mitigate this issue; however, this approach faces
the challenge of endless assessment requirements
due to domain shifts in source texts (Kocmi et al.,
2025). We reformulate this challenge as a dual re-
quirement for MT: the candidates for a source sen-
tence should demonstrate lexical diversity (Ploeger
et al., 2024) while maintaining semantic equiva-
lence (Kuhn et al., 2023) with the original source
sentence. Notably, candidates generated from ND-
MT may potentially satisfy both principles, as ob-
served through direct examination of the generated
outputs. In this work, we systematically investi-
gate the potential of ND-MT in addressing multi-
modality, particularly its ability to provide both
lexical diversity and semantic equivalence across



22 modern MT systems in six language directions
under the same temperature setting (0.5). Addi-
tionally, we design a reference-free lexical metric,
the Group Lexical Variance Score (GLVS), to ad-
dress the scarcity of references. We employ both
lexical-based and semantic-based metrics to mea-
sure the effect of non-determinism on lexical diver-
sity and semantic equivalence, respectively. The re-
sults demonstrate significant lexical variance with
nearly identical semantic meanings compared to
D-MT systems using the same underlying mod-
els across all ND-MT systems. Furthermore, we
investigate the impact of temperature, a crucial pa-
rameter in ND-MT, on system performance. The
results indicate that all temperature settings can
generate candidates with lexical diversity, while
only low temperatures preserve semantic equiva-
lence; we therefore characterize modern MT sys-
tems as temperature-constrained ND-MT systems.

However, ND-MT presents challenges to the cur-
rent evaluation scheme (Kocmi et al., 2024, 2023,
2025) (automatic evaluation followed by human
assessment) due to the large number of generated
candidates that satisfy both lexical diversity and
semantic equivalence criteria. To address these
emerging challenges in ND-MT, we first apply
an intuitive approach: utilizing the ranking of the
corresponding D-MT version. The results reveal
inconsistent relationships across five group-based
measurements: min,max, mean, random, and std
(standard deviation), demonstrating the unreliabil-
ity of the current D-MT evaluation scheme when
applied to ND-MT. Furthermore, we examine rank-
ing consistency across these five measurements
with varying sampling sizes ({10, 20, 50}) on five
state-of-the-art ND-MT systems at a fixed temper-
ature (0.5). The results uncover a strong Buckets
effect, where the lowest-quality candidate for each
source consistently determines the ranking across
different sample sizes. For practical application,
we propose the ExpectoSample strategy, which con-
siders the average performance of candidate groups
to identify reliable metrics and select robust ND-
MT systems.

Our contributions are threefold: (1) We demon-
strate that ND-MT systems address the multi-
modality challenge through lexical diversity while
maintaining semantic equivalence under tempera-
ture constraints. (2) We uncover the Buckets effect
in ND-MT evaluation, where the lowest-quality
candidate determines system ranking, and propose
the ExpectoSample strategy to identify reliable met-

rics for robust system selection. (3) We systemat-
ically investigate 22 ND-MT systems across six
language directions with 11,947 source cases, and
release all code, data, and evaluation results to sup-
port future research.

2 Related Works

2.1 Modern MT Systems

Modern machine translation follows the sequence-
to-sequence paradigm (Sutskever et al., 2014) with
the Transformer (Vaswani et al., 2017) as the back-
bone and is divided into two main types: encoder-
decoder models pre-trained on multilingual text
then fine-tuned on bilingual text, and decoder-only
architectures pre-trained on multilingual text with-
out specific fine-tuning requirements. From an in-
ference perspective, encoder-decoder models (Liu
et al., 2020; Team et al., 2022) require explicit lan-
guage signals as input during both training and
inference, while decoder-only models (Touvron
et al., 2023; Grattafiori et al., 2024; Qwen et al.,
2025; Yang et al., 2025; DeepSeek-Al, 2025) lever-
age the inherent multilingual semantic alignment of
LLMs and activate MT capabilities through various
prompts. Different LLM-based MT approaches ex-
hibit distinct characteristics: pre-training-only MT
systems typically use few-shot methods (Brown
et al., 2020; Vilar et al., 2023) (commonly five-shot)
but inevitably introduce repetition and language
mismatch issues (Wang et al., 2024); instruction-
tuned MT systems use direct MT prompts but some-
times produce noise without strict constraints (Tou-
vron et al., 2023; Grattafiori et al., 2024) (e.g.,
Chinese translations including Pinyin in Llama
series models); RL-based reasoning MT systems
use direct MT prompts and can provide detailed
translation steps but require substantial computa-
tional resources for both post-editing and infer-
ence (DeepSeek-Al, 2025; Yang et al., 2025). Gen-
erally, modern MT systems use a generate-once ap-
proach (Kocmi et al., 2025) to produce determinis-
tic results, while their potential to generate multiple
candidate translations through non-deterministic
sampling remains underexplored.

2.2 Non-determinism of LLMs

Previously, substantial effort focused on determin-
istic tasks such as sentiment classification (Zhang
et al., 2024) and parsing (Ginn and Palmer, 2025),
with most attention directed toward extracting de-
terministic capabilities from LLMs. In recent



years, the non-deterministic properties of LLMs
have emerged and been leveraged to satisfy cus-
tomized user requirements (Tseng et al., 2024).
Some models now implement non-determinism as
a default property (DeepSeek-Al, 2025; Yang et al.,
2025), enabling LLMs to provide various reason-
able outputs under the same prompt to increase
user satisfaction. Previous studies have found
that this property can benefit certain determinis-
tic NLP tasks (Song et al., 2025), such as question
answering, by generating semantically equivalent
responses (Kuhn et al., 2023). However, systematic
research on complex non-deterministic tasks such
as MT remains limited. In this work, we system-
atically investigate the effects of non-determinism
in LLM-based MT systems across various architec-
tures, revealing both the potential and challenges
introduced by this property.

2.3 Automatic Evaluation on MT

Automatic evaluation methods play a key role in
evaluating MT systems by avoiding the substantial
costs of human assessment. In this work, we inves-
tigate the potential of ND-MT to provide lexical
diversity and semantic equivalence. To achieve this
goal, we categorize current metrics into two main
categories: lexical-based methods and semantic-
based methods, to measure the capabilities of ND-
MT. For lexical-based methods, BLEU (Papineni
etal., 2002), METEOR (Banerjee and Lavie, 2005),
and ROUGE (Lin, 2004), which focus on lexical
overlap. ChrF++ (Popovié, 2015) focuses on char-
acter overlap and TER (Snover et al., 2006) fo-
cuses on error edit distance. Specifically, these
methods rely on references, suffer from the multi-
modality issue, and fail without references. For
semantic-based methods, BERTScore (Zhang et al.,
2019) and BLEURT (Sellam et al., 2020) utilize
the token information to model the semantic score.
COMET20-DA (Rei et al., 2020) and COMET22-
KIWI (Rei et al., 2022a) include a training stage
to learn the semantic equivalence between source
and candidates. XCOMET (Guerreiro et al., 2024)
further evaluates on the error spans. Other meth-
ods measure semantic alignment through semantic
similarity between the source and candidates in
a unified semantic embedding space. including
SentTrans (Reimers and Gurevych, 2019) with di-
rect LMs, LASER (Heffernan et al., 2022), and
XNLI (Conneau et al., 2020) using bilingual pairs.
In this work, we test the reliability of these metrics
on evaluating ND-MT systems.

3 Modern MT Systems Are
Temperature-Constraint ND-MT

In this section, we systematically investigate the
non-deterministic properties of modern MT sys-
tems. We begin with experimental preparation
by selecting state-of-the-art modern MT systems
across encoder-decoder and decoder-only architec-
tures with varying model sizes. We then generate
the candidates and evaluate them based on group
measurements. The results demonstrate how ND-
MT addresses the multi-modality challenge, as ev-
idenced by our findings. Finally, we examine the
role of the temperature parameter in ND-MT, reveal
its influence on translation quality, and characterize
modern MT systems as temperature-constrained
ND-MT.

3.1 Experimental Preparation
3.1.1 ND-MT Systems

We explore the mainstream autoregressive genera-
tion method for M T across two highly successful ar-
chitectures: encoder-decoder and decoder-only. We
further categorize LLM-based MT (decoder-only)
into three types based on training approaches: pre-
trained models using multilingual texts, instruction-
tuned models with post-training alignment, and rea-
soning models that generate thinking steps through
reinforcement learning. Notably, model series
are differentiated into distinct MT systems based
on their training type. For encoder-decoder ar-
chitectures, we select mBART (Liu et al., 2020)
trained on 50 multilingual texts (0.68B param-
eters) and NLLB-200 (Team et al., 2022) with
three model scales (0.6B, 3.3B, and 54.6B pa-
rameters). For LLM-based MT, we include the
Llama-2 series (Touvron et al., 2023), Llama-
3 series (Grattafiori et al., 2024), Qwen-2.5 se-
ries (Qwen et al., 2025), Qwen-3 (Yang et al., 2025)
series, and DeepSeek series (DeepSeek-Al, 2025),
examining both small-scale (7-8B parameters) and
large-scale (70-72B and 671B parameters) variants
across pre-trained, instruction-tuned, and reasoning
types when available. We provide comprehensive
information about these models in Appendix A.

3.1.2 Datasets

3.2 dataset statistics

In this work, we adopt sentence-level MT as
our starting point and leverage existing, well-
established open-source datasets to study both ND-
MT and their corresponding D-MT. Specifically,



Table 1: Dataset Statistics Information

Source Language Pair Size
WMT23 En—Zh 2,074
WMT23 Zh—En 1,976
WMT23 En—De 557
WMT23 De—En 549
WMT23 En—Ru 2,074
WMT23 Ru—En 1,723
WMT24 En—Zh 998
WMT24 En—De 998
WMT24 En—Ru 998

we use the latest WMT data from 2023-2024 !
across six translation directions (ZHEN, ENDE,
ENRU), covering three language pairs: (English,
Chinese), (English, German), and (English, Rus-
sian). We identify (English, Chinese) translation
as particularly valuable for investigation due to
substantial differences in language families and
structural characteristics, making it our primary
experimental setting to explore the potential of ND-
MT. We also evaluate (English, German) and (En-
glish, Russian) to demonstrate the generalizabil-
ity of ND-MT across diverse language pairs. We
present detailed statistics in Table 1.

3.2.1 Evaluation Methods

Lexical-based Methods We include BLEU (Pa-
pineni et al., 2002), an n-gram-based metric eval-
uating lexical overlap; ChrF++ (Popovié, 2015),
an n-gram-based metric capturing both lexical and
character-level information; METEOR (Banerjee
and Lavie, 2005), a token-level alignment metric;
ROUGEC(-1, -2, -L)(Lin, 2004), a recall-oriented
n-gram overlap metric; and TER (Snover et al.,
2006), a token-level edit distance metric.

Semantic-based Methods We include
COMET22KIWI(Rei et al., 2022a) and
COMET20DA (Rei et al.,, 2020) to measure
with the neural network; LASER (Heffernan
et al., 2022), LaBSE (Heffernan et al., 2022),
SentTrans (Reimers and Gurevych, 2019),
and XNLI (Conneau et al., 2020) to test the
semantic equivalence on a unified semantic
space; BLEURT (Sellam et al., 2020) and
BERTScore (Zhang et al., 2019) to measure the
semantic equivalence with token information.

Group Lexical Variance Score (GLVS) To ad-
dress reference scarcity and enhance sensitivity to

"https://github.com/wmt-conference/wmtX-news-
systems, x = {23, 24}

variance among group candidates, we propose the
Group Lexical Variance Score (GLVS), which eval-
uates a group of candidates from an ND-MT system
for a given source. The algorithm is straightforward
and consists of three steps:

Step 1: Tokenize each candidate ¢; into words
Wi = Wi, wW2,...,W

Step 2: Construct a frequency vocabulary V;
from the combined word sets

Step 3: Compute the GLVS for ¢;:

> i(w), )

weWiV

Viei) =

where WiV represents the unique word set in ¢;,
and fV;(w) denotes the frequency of word w.

3.2.2 Experimental Set-up

Decoding Strategy For decoding strategies, we
employ greedy decoding as the deterministic base-
line and sampling-based decoding for the non-
deterministic setting with adjustable temperature,
generating K candidates for each source. We use
an initial setting of temperature 0.5 and sampling
size 10 to investigate the potential of ND-MT, fol-
lowing established practices from prior semantic
equivalence research.

Group-based Measurements For each evalu-
ation metric, we design group-based measure-
ments—min, max, mean, random, and std (stan-
dard deviation), to capture different aspects of ND-
MT performance: lower bound, upper bound, aver-
age performance, single-response simulation (rep-
resenting real-world usage), and performance vari-
ability, respectively, at the group level for gener-
ated candidates of each source. We then aggre-
gate results across the entire dataset to obtain the
average values, yielding overall ND-MT system
performance metrics.

3.3 The Potential of ND-MT to Solve
Multi-Modality

To explore the potential of ND-MT in addressing
the multi-modality challenge across two dimen-
sions: lexical variance and semantic equivalence.
We conduct experiments on 22 ND-MT systems for
the (English, Chinese) pair, with a temperature of
0.5 and a sampling size of 10 (Kuhn et al., 2023),
without additional non-deterministic settings. We
also include the corresponding D-MT systems as
baselines to enable direct comparison, where each
system generates only one candidate. Notably,
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(d) Semantic Metrics—Delta Std Values

Figure 1: Delta Mean and Std (Standard deviation) val-
ues on WMT23 EN-ZH measured by lexical and seman-
tic metrics under temperature of 0.5 with 10 candidates,
respectively. The delta value is computed with determin-
istic results on the same dataset under greedy decoding.

we access DeepSeek-671B through an API that
does not allow modification of the default sampling
method; consequently, DeepSeek-671B produces
non-deterministic outputs for both D-MT and ND-
MT configurations, differing only in sampling size.
This scenario provides valuable insights into eval-
uating emerging closed-source ND-MT systems.
So temporarily keep the results of DeekSeek-671
while not analyzing it. We compute the delta re-
sults based on the D-MT for easy understanding.
The results are shown in Figure 1.

ND-MT can provide lexical diversity
Reference-based metrics (Figure 1la) reveal
modest performance variations between D-MT and
ND-MT systems across most lexical metrics, with
differences typically within 10 percent, except
for TER values. These results demonstrate the
comparable quality between D-MT and ND-MT
candidates when assessed by lexical metrics. For
TER, which measures edit distance (where higher
values indicate greater lexical differences), we
observe distinct patterns across ND-MT systems.
All pre-trained LLM-based ND-MT systems
exhibit positive delta values, reflecting increased
lexical variation compared to their D-MT counter-
parts. In contrast, other systems show minimal
differences, indicating closer lexical similarity to
D-MT. For the reference-free metric GLVS, the
values reflect the lexical diversity of MT systems,
where lower scores indicate higher diversity;
deterministic MT systems consistently score 100.
The substantial GLVS values demonstrate that
non-deterministic MT systems generate diverse
lexical representations while maintaining quality,
as evidenced by the modest gaps in other lexical
metrics (except for TER). This conclusion is
further supported by the large lexical standard
deviation values of GLVS shown in Figure 1b. A
significant advantage of GLVS is its applicability
to common scenarios, eliminating the need for
reference translations. For a better understanding,
we provide the baseline results in Appendix B.

ND-MT can keep the semantic equivalence We
observe that the performance gaps (Figure 1c) for
semantic-based metrics are substantially smaller
than those for lexical-based metrics (Figure 1a),
with differences below 10 percentage points for
most MT systems, except for specific cases like
llama2-pre-7 and llama2-chat-70. The average stan-
dard deviation values (Figure 1d) remain below
10 percentage points across all metrics, demon-
strating strong semantic equivalence under non-
deterministic settings. For a better understanding,
we provide the baseline results in Appendix B.

ND-MT has the potential to provide better can-
didates than D-MT We further explore the po-
tential of non-deterministic MT systems in provid-
ing high-quality candidates. We select the best
candidate according to each metric from the can-
didate group for each source, then compute the
average maximum values across the dataset. Note
that in real-world scenarios, references are unavail-



able; therefore, this analysis simulates the ideal
performance potential of non-deterministic MT
systems rather than actually selecting the "best"
candidate based on specific metrics. Figure 2
demonstrates overall improved performance for
non-deterministic MT systems, revealing their sub-
stantial potential for generating higher-quality can-
didates. This finding validates prior work on data
augmentation and candidate selection using non-
deterministic MT systems.

Generality of ND-MT potential in addressing
multi-modality Finally, we evaluate the general-
ity of ND-MT potential across different language
pairs. We test (German, English) and (Russian,
English) in both directions with five state-of-the-
art LLM-based MT models (Touvron et al., 2023;
Qwen et al., 2025; Yang et al., 2025). The results
in Figure 3 exhibit similar trends to those observed
in Figure 1, leading us to conclude that modern
ND-MT systems demonstrate significant potential
for generating diverse candidates under semantic
equivalence, effectively addressing multi-modality
limitations. Our experimental evidence indicates
that modern MT systems learn translation through
semantic equivalence and lexical diversity, posi-
tioning them as viable alternatives to D-MT sys-
tems. Future research can unlock the full potential
of ND-MT systems in generating higher-quality
translation candidates.
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Figure 2: Delta max values on WMT23 EN-ZH mea-
sured by lexical and semantic metrics,respectively. The
delta value is computed with deterministic results on the
same dataset under greedy decoding.

(a) Lexical Metrics—Delta (b) Lexical Metrics—Delta
Mean Values on EN-DE ~ Mean Values on EN-RU

(c) Semantic Metrics—Delta (d) Semantic Metrics—Delta
Mean Values on EN-DE ~ Mean Values on EN-RU

Figure 3: Delta Mean values on WMT23 EN-DE and
WMT23 EN-RU measured by lexical and semantic met-
rics, respectively.

3.4 Temperature Constraints on ND-MT
Potential

While we have demonstrated the potential of ND-
MT in addressing multimodality challenges, the
quality of generated candidates depends critically
on the temperature parameter. We further investi-
gate the effect of temperature on the performance
of ND-MT. Unlike previous fine-grained studies
aimed at identifying optimal parameters for gener-
ating the best single candidate, we examine how
temperature influences the overall potential of ND-
MT. We conduct experiments on WMT23 EN-ZH
using five models (Touvron et al., 2023; Qwen
et al., 2025; Yang et al., 2025), with qwen3-chat-8
serving as a representative example, as all mod-
els exhibit similar trends. We list all the results
and detailed analysis for metrics and models in
Appendix C

We evaluate both lexical diversity and seman-
tic equivalence using the same metrics from Sec-
tion 3.3. For lexical analysis, we select GLVS as
a reference-free metric, and BLEU and ChrF++
as reference-based metrics that measure effects at
the lexical and character levels, respectively. For
semantic analysis, we choose COMET20DA and
COMET22KIWI as reference-based and reference-
free metrics, respectively. Figure 4 presents the
results. GLVS shows a decreasing trend as tem-
perature increases, indicating that lexical diversity
grows with temperature, which aligns with the
general purpose of raising temperature: making
a broader range of lexical items more probable.
Notably, ChrF++ exceeds 100 at higher tempera-
tures, indicating its unreliability for evaluation on
ND-MT. The semantic metrics exhibit a monotonic
decreasing trend, indicating that as temperature



increases, ND-MT maintains lexical diversity
while sacrificing semantic equivalence. In practi-
cal applications, the acceptable degree of semantic
degradation depends on the specific use case and
the baseline semantic quality. Our observations
align with previous findings that non-deterministic
systems show weaker performance than determin-
istic systems on certain downstream tasks (Song
et al., 2025).

In summary, to harness the potential of ND-MT,
temperature values must be carefully calibrated to
maintain both lexical diversity and semantic equiv-
alence when addressing multi-modality challenges.
Additionally, the effects of specific temperature set-
tings should be evaluated in advance to align with
application requirements. Our experimental evi-
dence reveals that semantic equivalence decreases
while lexical diversity increases with rising temper-
ature, providing valuable guidance for determining
optimal temperature configurations in future ND-
MT research and applications.

......................................

(a) Temperature Effect on (b) Temperature Effect on
Lexical Metrics Semantic Metrics

Figure 4: The temperature effect from qwen3-chat-8
model on WMT23 EN-ZH dataset on GLVS, BLEU (Pa-
pineni et al., 2002), ChrF++ (Papineni et al., 2002)
of lexical metrics and COMETDA (Rei et al., 2020),
COMETKIWI (Rei et al., 2022a) of semantic metrics.

4 The Under-Explored Space of ND-MT
on the Evaluation Scheme

4.1 Challenges of the Current D-MT
evaluation Scheme on ND-MT

In Section 3.4, we demonstrate the potential of
ND-MT to address multi-modality challenges by
providing lexically diverse candidates while main-
taining semantic equivalence within the candidate
set. This raises an important question: how should
we evaluate current and future ND-MT systems?
The prevailing generate-once evaluation paradigm
relies on established metrics that have been vali-
dated through human assessment. However, this
paradigm is primarily suited for D-MT for two key
reasons: 1) The multi-modality challenge repre-
sents a fundamental limitation that affects both the

design and measurement capabilities of existing
metrics. For instance, lexical-based metrics such
as BLEU and ChrF++ allow multiple references
during evaluation, yet this assumes the availability
of such references, which is often impractical to ob-
tain. Conversely, semantic-based metrics leverage
large-scale supervised training to mitigate multi-
modality issues; however, their effectiveness re-
mains constrained by the scale of the training data
and computational resources. Nevertheless, larger
models demonstrate improved evaluation perfor-
mance. 2) The non-deterministic nature of ND-MT,
which generates numerous candidates, renders tra-
ditional human evaluation impractical, particularly
given that ND-MT performance is temperature-
dependent.

In this section, we investigate the under-explored
domain of ND-MT evaluation frameworks. First,
we examine an intuitive approach that directly ap-
plies evaluation rankings from D-MT, revealing
significant inconsistencies. Second, we evaluate
current metrics using group-based measurements
and identify the bucket effect in ND-MT that influ-
ences ranking determination. Finally, we propose
the ExpectoSample strategy to identify reliable met-
rics for selecting robust ND-MT systems across
varying sampling sizes.

4.2 The Inconsistent Evaluation Results
between ND-MT and D-MT

One intuitive approach is to directly apply the rank-
ing from deterministic MT systems to their non-
deterministic counterparts. We evaluate this ap-
proach by computing Spearman’s p and Kendall’s
T across five aggregation methods: min, max, mean,
random, and std. Specifically, we hypothesize that
higher-ranked MT systems possess stronger capa-
bilities for generating high-quality candidates; con-
sequently, we expect std to exhibit high negative
correlation (i.e., higher-ranked MT systems should
produce lower std values).

The results in Tables 2 and 7 present correla-
tions for lexical-based and semantic-based metrics,
respectively. While most metrics demonstrate mod-
erate to strong correlations exceeding 0.5 for both
Spearman’s p and Kendall’s 7 (with TER being a
notable exception), the observed gaps suggest that
D-MT evaluation rankings provide limited reliabil-
ity when applied to ND-MT systems. Furthermore,
the weak correlations for std suggest that assessing
the robustness of ND-MT systems requires eval-
uation frameworks that extend beyond traditional



Table 2: Correlation Results of Lexicon-based Metrics
on WMT23 EN-ZH for 22 ND-MT Systems.

Strategy BLEU METEOR ROUGE TER chrF++

Kendall’s T / p-value

Min .69/.00  .68/.00 .70/.00 .19/.22 .69/.00
Max .69/.00  .70/.00 71700 .27/.08 .70/.00
Mean .67/.00  .68/.00 .69/.00 .32/.04 .72/.00
Random .69/.00  .69/.00 .68/.00 .18/.26 .71/.00
Std -.09/.57 -47/.00 -56/.00 .30/.05 -.02/.91
Spearman’s p / p-value

Min .87/.00  .87/.00 .87/.00 .28/.21 .87/.00
Max .86/.00  .87/.00 .88/.00 .34/.12 .86/.00
Mean .86/.00  .87/.00 .87/.00 .33/.13 .88/.00
Random .87/.00  .87/.00 .86/.00 .20/.37 .88/.00
Std -.13/.57 -.60/.00 -70/.00 .35/.11 .00/.99

deterministic approaches.

4.3 Buckets Effect of ND-MT

Table 3: Correlation Analysis of MT Evaluation Metrics
Across Sampling Sizes with Lexical Metrics on WMT23
EN-ZH with Five SOTA ND-MT Systems

. BLEU GLVS ChrF++
Size strategy

p T p T p T

Max 70 .60 1.0 1.0 .90 .80
Mean .90 .80 90 80 1.0 1.0
20 Min 1.0 1.0 1.0 1.0 1.0 1.0
Rand. .90 .80 90 80 1.0 1.0
Std .70 .60 .90 .80 1.0 1.0

Max 70 .60 .90 .80 .90 .80
Mean .90 .80 90 .80 1.0 1.0
50 Min 1.0 1.0 1.0 1.0 1.0 1.0
Rand. .90 .80 90 .80 1.0 1.0
Std 70 .60 1.0 1.0 .90 .80

p = Spearman’s correlation; 7 = Kendall’s tau. All correla-
tions significant at p < 0.10.

To further investigate reliable evaluation frame-
works, we conduct experiments across different
sampling sizes (10, 20, 50) while maintaining con-
stant temperature values for five state-of-the-art
ND-MT models. For evaluation metrics, we em-
ploy BLEU, ChrF++, and GLVS as lexical-based
metrics, and COMET20DA and COMET22KIWI
as semantic metrics. The results are presented in
Tables 3 and ??. A key observation is the bucket
effect: the minimum-score aggregation method for
ND-MT systems provides stable ranking evalua-
tions across all sampling sizes and metrics. Encour-
agingly, our findings demonstrate that controlled
sampling sizes—rather than arbitrarily large sam-
ples—can yield reliable evaluations with existing
metrics. However, metric selection requires care-
ful consideration, as evidenced by the exceptional
behavior of TER discussed in Appendix D.

4.4 ExpectoSample: Selecting Reliable
Metrics and Robust ND-MT Systems

To address the challenge of identifying reliable eval-
uation metrics and robust ND-MT systems, we pro-
pose the ExpectoSample strategy and use the mean
value due to the real-usage consideration. This ap-
proach examines ranking correlations across sam-
pling sizes 10, 20, 50 based on the principle that
reliable metrics should produce consistent system
rankings regardless of sampling size, while ro-
bust ND-MT systems should maintain stable per-
formance characteristics across different sample
counts.

Our analysis reveals that metrics that main-
tain the same ranking across all sample size pairs
can be considered reliable for ND-MT evaluation,
while systems that produce consistent relative rank-
ings under these metrics can be identified as ro-
bust ND-MT systems. We identify that ChrF++,
COMET20DA, and COMET22KIWI are reliable
metrics from Tables 3 and ??. Future work can
utilize this strategy to filter the reliable metrics for
further robust ND-MT selection.

5 Conclusion

In this work, we systematically investigate ND-
MT systems, revealing their significant potential in
addressing the long-standing multi-modality chal-
lenge in MT. Through comprehensive experiments
across 22 systems in six language directions, we
demonstrate that ND-MT can generate lexically di-
verse candidates while maintaining semantic equiv-
alence. However, we find that this potential is
temperature-constrained: only low temperature set-
tings preserve both lexical diversity and seman-
tic equivalence. Our investigation also reveals
critical challenges in evaluating ND-MT systems.
We demonstrate that traditional D-MT evaluation
schemes yield inconsistent rankings when applied
to ND-MT and reveal the bucket effect, where
minimum-score candidates consistently influence
system rankings across varying sampling sizes. Fi-
nally, we propose the ExpectoSample strategy for
identifying reliable metrics and robust ND-MT sys-
tems for real-world ND-MT usage.

6 Limitations

While our work provides a systematic investigation
into ND-MT, several limitations warrant acknowl-
edgment. First, our experiments focus primarily
on SOTA modern MT systems mainly on open-



sourced models, and our findings may not general-
ize to other types of MT systems like closed-source
MT systems. Second, our temperature analysis
is constrained to a specific range of values, and
the optimal temperature settings may vary across
different model families, language pairs, or domain-
specific applications. Third, our evaluation frame-
work relies on existing automatic metrics (both lex-
ical and semantic), which themselves have known
limitations in capturing nuanced aspects of transla-
tion quality, such as cultural appropriateness, style
consistency, and accuracy in domain-specific ter-
minology.

Additionally, while we propose the Expecto-
Sample strategy for identifying reliable metrics
and robust systems, our experiments are limited
to sampling sizes of 10, 20, 50. Larger sampling
sizes or different sampling strategies might reveal
additional patterns or insights. Furthermore, our
analysis of the bucket effect and ranking consis-
tency does not include human evaluation due to the
impracticality of assessing numerous candidates
across multiple systems and sampling sizes. Hu-
man judgment would provide valuable validation
of our automatic evaluation findings, particularly
regarding whether the lexical diversity we observe
translates to genuinely useful translation alterna-
tives for end users. Finally, our investigation covers
six language directions, which, while diverse, rep-
resent only a fraction of the world’s languages, and
our findings may not fully capture the challenges
specific to low-resource languages or linguistically
distant language pairs.

7 Ethical Statement

Our research on non-deterministic machine transla-
tion raises several ethical considerations that war-
rant careful attention. First, the non-deterministic
nature of ND-MT systems, which generate multi-
ple diverse candidates for a single source sentence,
introduces potential risks in high-stakes applica-
tions such as legal document translation, medical
information dissemination, or official communica-
tions. While lexical diversity can be beneficial in
creative or informal contexts, deploying ND-MT
systems without appropriate safeguards in critical
domains could lead to inconsistent or ambiguous
translations that may have serious consequences.
Additionally, we use open-source LLMs that may
inadvertently generate outputs containing personal
information from their training data. We emphasize

that practitioners must carefully assess the suitabil-
ity of ND-MT for their specific use cases and im-
plement appropriate quality control mechanisms.

Second, the temperature-constrained nature of
ND-MT systems presents transparency challenges.
Users of MT systems may not be aware that dif-
ferent temperature settings can significantly affect
translation quality and semantic equivalence. This
lack of transparency could undermine user trust,
particularly when systems produce semantically di-
vergent outputs at higher temperatures. Developers
deploying ND-MT systems have a responsibility to
clearly communicate these limitations to end users
and provide appropriate controls or defaults that
prioritize semantic accuracy. Additionally, the eval-
uation challenges we identify—particularly the un-
reliability of traditional D-MT evaluation schemes
for ND-MT—highlight the need for careful system
comparison and selection. Misleading performance
claims based on inappropriate evaluation methods
could harm users who rely on MT systems for im-
portant communications.

Finally, we acknowledge that our released code,
data, and evaluation results could potentially be
misused to develop MT systems without ade-
quate quality assurance or to make unfounded
claims about system capabilities. We encourage
researchers and practitioners who utilize our re-
sources to do so responsibly, with appropriate con-
sideration for the limitations we have identified and
the potential impacts on end users across diverse
linguistic and cultural communities.

8 The Use of AI Assistant

The writing process of this paper incorporated
stylistic and grammar suggestions from Claude
Sonnet 4.5, supervised by the authors, without any
content generation or fabrication.
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A Model Statistics

We show the detailed information on Table 4about
the modern MT systems used in this paper.

B Evaluation Results on D-MT

We show the original evaluation results on D-
MT systems for the <English, Chinese> pairs on
WMT23 EN-ZH datasets in the lexical-based met-
rics Table 5 and semantic-based metrics Table 6.
For other results, we will release them at a later
time.

C Temperature Effect on ND-MT

We demonstrate the temperature effect on ND-MT
across five state-of-the-art systems: llama2-pre-
7 (Touvron et al., 2023), llama2-chat-7 (Touvron
et al., 2023), gwen2.5-pre-7 (Qwen et al., 2025),
gwen2.5-chat-7 (Qwen et al., 2025), and qwen3-
chat-8 (Yang et al., 2025). Figures 5,6,7,8, and9
show a decreasing trend in semantic equivalence
as temperature increases. However, for specific
datasets, the optimal temperature is not always the
greedy setting (e.g., llama2-chat-7 (Touvron et al.,
2023)), indicating that ND-MT can exceed D-MT
performance and that optimal temperature selection
is non-trivial. Furthermore, we observe a general
decrease in GLVS scores at higher temperatures,
indicating a reduction in lexical diversity as models
tend to generate natural language content rather
than faithful translations. In contrast, BLEU (Pap-
ineni et al., 2002) scores remain nearly unchanged
across temperatures, demonstrating BLEU’s fail-
ure to detect variations in lexical diversity. These
findings provide key references for future work on
temperature selection and the evaluation of lexi-
cal diversity and semantic equivalence in ND-MT
systems.

...........................................................................

(a) Temperature Effect on (b) Temperature Effect on
Lexical Metrics Semantic Metrics

Figure 5: The temperature effect from llama2-pre-7
model on WMT23 EN-ZH dataset on GLVS, BLEU (Pa-
pineni et al., 2002), ChrF++ (Papineni et al., 2002)
of lexical metrics and COMETDA (Rei et al., 2020),
COMETKIWI (Rei et al., 2022a) of semantic metrics.

(a) Temperature Effect on (b) Temperature Effect on
Lexical Metrics Semantic Metrics

Figure 6: The temperature effect from llama2-chat-7
model on WMT23 EN-ZH dataset on GLVS, BLEU (Pa-
pineni et al., 2002), ChrF++ (Papineni et al., 2002)
of lexical metrics and COMETDA (Rei et al., 2020),
COMETKIWI (Rei et al., 2022a) of semantic metrics.

(a) Temperature Effect on (b) Temperature Effect on
Lexical Metrics Semantic Metrics

Figure 7: The temperature effect from qwen2.5-pre-7
model on WMT23 EN-ZH dataset on GLVS, BLEU (Pa-
pineni et al., 2002), ChrF++ (Papineni et al., 2002)
of lexical metrics and COMETDA (Rei et al., 2020),
COMETKIWI (Rei et al., 2022a) of semantic metrics.

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn Tomporatura Effoct on Metrics - 23en-zh - qwen.5-chat.7

(a) Temperature Effect on (b) Temperature Effect on
Lexical Metrics Semantic Metrics

Figure 8: The temperature effect from qwen2.5-chat-7
model on WMT23 EN-ZH dataset on GLVS, BLEU (Pa-
pineni et al., 2002), ChrF++ (Papineni et al., 2002)
of lexical metrics and COMETDA (Rei et al., 2020),
COMETKIWI (Rei et al., 2022a) of semantic metrics.

(a) Temperature Effect on (b) Temperature Effect on
Lexical Metrics Semantic Metrics

Figure 9: The temperature effect from qwen3-chat-7
model on WMT23 EN-ZH dataset on GLVS, BLEU (Pa-
pineni et al., 2002), ChrF++ (Papineni et al., 2002)
of lexical metrics and COMETDA (Rei et al., 2020),
COMETKIWI (Rei et al., 2022a) of semantic metrics.



Table 4: Overview of Language Models Used in Experiments

Model Name Architecture Parameters (B) Dense/MoE

Encoder-Decoder Models

mBART Encoder-Decoder 0.68 Dense
NMT

NLLB-200 Encoder-Decoder 0.6, 3.3, 54.5 Dense
NMT

Decoder-Only Models: Llama Family

Llama 2 Decoder-Only 7,70 Dense
Pre

Llama 2 Decoder-Only 7,70 Dense
Chat

Llama 3 Decoder-Only 7,70 Dense
Pre

Llama 3 Decoder-Only 7,70 Dense
Chat

Decoder-Only Models: Qwen Family

Qwen 2.5 Decoder-Only 7,72 Dense
Pre

Qwen 2.5 Decoder-Only 7,72 Dense
Chat

Qwen 3 Decoder-Only 8 Dense
Chat

Qwen 3 Decoder-Only 8 Dense
Reason

Decoder-Only Models: DeepSeek Family

DeepSeek (Llama-based) Decoder-Only 8 Dense
Reason

DeepSeek (Qwen-based)  Decoder-Only 7 Dense
Reason

DeepSeek-R1 Decoder-Only 671 MoE
Reason

Other Decoder-Only Models

MiniCPM Decoder-Only 16 MoE
Chat

NMT = Neural Machine Translation; Pre = Pre-trained; Chat = Instruction-tuned (Chat); Reason = Reasoning; MoE =
Mixture of Experts; B = Billions of parameters.

D Buckets Effect

We demonstrate the Buckets effect on ND-MT sys-
tems across all lexical metrics in Table 8. The re-
sults indicate that the worst-performing candidate
consistently determines system ranking across dif-
ferent sampling sizes, exhibiting the highest rank-
ing correlation compared to other aggregation meth-
ods (min, max, mean, random). Specifically, the
TER metrics do not show consistency across all
group-based metrics. This indicates the unreliabil-
ity of TER in measuring the ND-MT.
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Table 5: The Original Lexical-based Metrics Results of
D-MT Models on 23 EN-ZH

Model BLEU MET R-1 R-2 R-L chrF TER
NMT
mBART-50 31.41 46.90 55.98 27.72 52.98 25.34 145.50

NLLB-600M 26.02 36.81 48.02 24.31 45.18 21.03 108.01
NLLB-3.3B 26.34 36.84 4820 25.72 45.50 21.78 123.47

NLLB-54B 24.17 33.72 4535 24.43 4290 2044 111.43
Pre-trained (7-8B)

Llama2-7B 28.32 4571 56.11 27.11 52.70 24.54 102.84

Llama3-8B 37.60 54.77 63.07 35.48 59.67 31.63 103.47

Qwen2.5-7B 44.00 61.46 67.89 4231 64.33 36.69 98.25

Pre-trained (70-72B)
Llama2-70B 40.53 58.64 65.89 39.13 62.29 33.74 101.76
Llama3-70B 44.19 61.89 68.08 42.43 64.47 37.38 99.27
Qwen2.5-72B 48.49 65.85 70.80 46.98 67.62 40.36 98.38

Chat (7-8B)
Llama2-C-7B 15.39 29.23 34.64 13.51 32.14 13.56 756.12*
Llama3-C-8B 35.58 53.24 61.11 33.77 57.51 30.00 108.84
Qwen2.5-C-7B  39.43 58.02 64.53 37.28 61.03 32.90 104.77
Qwen3-C-8B 41.97 60.52 66.00 40.16 62.76 3491 99.35

Chat (70-72B)
Llama2-C-70B  16.04 36.90 33.75 15.36 31.13 16.13 2169.34*
Llama3-C-70B  42.13 59.99 66.07 40.17 62.78 35.48  99.09
Qwen2.5-C-72B 45.88 63.89 69.13 44.30 65.77 38.20 103.38

Reasoning
MiniCPM-8x2 4230 59.68 66.36 40.51 63.02 34.47 107.0 . . .
Qwen3-R-8B 4039 57.86 63.56 38.57 60.60 33.66 1551'23* Table 7: Correlatlon Results Of Semantlc-based Metrics
DS-Llama-8B 33.61 50.95 59.34 31.33 55.51 27.84 183.59 on WMT23 EN-ZH for 22 ND-MT Systems.
DS-Qwen-7B 30.35 49.12 57.25 28.19 53.27 25.76 132.72
DS-671B 26.77 43.46 50.87 24.19 47.99 23.77 11491
MET=METEOR; R-1/2L=ROUGE-1/2/L; chrF=chrF++; C=Chat; Strategy BERTScore BLEURT COMETDA COMETKIWI
R=Reason; DS=DeepSeek. Kendall’s T / p-value
*Exceptionally high TER values indicate potential issues. Lower TER is
better; higher is better for other metrics. Min .58/.00 .64/.00 .74/.00 .771.00
Max .57/.00 .59/.00 .67/.00 .70/.00
Mean .63/.00 .66/.00 .73/.00 .771.00
Table 6: The Original Semantic-based Metrics Results Random .63/.00  .67.00  .73/.00 771.00
of D-MT Models on 23 EN-ZH Std -.57/.00  -.64/.00 -.71/.00 -.76/.00
Spearman’s p / p-value
Model KIWI BLE BERT COMET LASER LaBSE SentT XNLI Min .72/.00 .817.00 .87/.00 .897.00
Max .74/.00 .78/.00 .83/.00 .85/.00
NMT Mean 79100 .84/.00  .87/.00 .89/.00
mBART-50 75.24 5897 86.32  80.81 82.44 84.09 13.00 97.80 Random  .79/.00 .85/.00 87/.00 .89/.00
NLLB-600M 67.08 52.74 83.58 75.36 7841 77.28 10.75 97.08 Std -.69/.00 -.79/.00 -.87/.00 -.89/.00
NLLB-3.3B 66.06 52.11 83.13 7572 7582 7378 10.62 96.07
NLLB-54B 63.48 49.76 81.85 74.75 72.16  69.06 9.79 92.69
Pre-trained (7-8B)
Llama2-7B 71.96 5439 84.63  78.77 79.31  79.89 14.02 93.96
Llama3-8B 77.12 61.15 87.46  83.73 81.88 8424 1481 97.32

Qwen2.5-7B 7947 64.03 88.73 85.97 8227 85.18 15.16 98.03

Pre-trained (70-72B)
Llama2-70B 76.61 60.99 87.87 83.18 82.57 8536 1427 97.76
Llama3-70B 78.63 63.72 88.74  85.40 8294 8572 15.08 97.89
Qwen2.5-72B  80.40 66.25 89.80 86.94 82.82 86.15 14.85 98.32

Chat (7-8B)
Llama2-C-7B  58.58 35.67 7658 64.75 7835 77.17 32.93% 76.42
Llama3-C-8B 7808 59.95 86.68 84.01  80.69 8329 1534 97.93
Qwen2.5-C-7B 7927 62.08 87.75 8540 8192 85.11 1520 98.05
Qwen3-C-8B  80.70 63.53 8835 8630 8231 8577 1423 98.18

Chat (70-72B)
Llama2-C-70B  57.36 32.23 7085 53.04 7195 76.19 41.27% 69.03
Llama3-C-70B  80.02 63.42 8836 86.07 81.88 8479 14.60 98.03
Qwen2.5-C-72B 80.57 65.13 89.22 8678 8276 8599 1460 98.11

Reasoning
MiniCPM-8x2  78.71 62.86 88.29 84.94 82.07 84.74 13.37 97.92
Qwen3-R-8B 79.21 62.38 87.25 84.62 81.37 8426 1543 96.77
DS-Llama-8B  75.79 57.68 85.53 81.64 80.77 8221 1342 96.21
DS-Qwen-7B 74.05 55.00 8491 80.43 81.36 83.10 16.74 97.55
DS-671B 76.54 54.51 79.85 81.05 75.02 7737 13.66 92.34

KIWI=COMETKIWI; BLE=BLEURT; BERT=BERTScore;
COMET=COMETDA; SentT=SentTrans; C=Chat; R=Reason;
DS=DeepSeek.

* Anomalous SentTrans values. Higher is better for all metrics. Best results
in bold.
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Table 8: Correlation Analysis of MT Evaluation Metrics Across Sampling Sizes and Selection Strategies on WMT23
EN-ZH with Five SOTA ND-MT Systems

BLEU GLVS METEOR ROUGE-1

Size Strategy
P T P T P T P T

Max .70/.19 .60/.23 1.0/.00 1.0/.02 1.0/.00 1.0/.02 1.0/.00 1.0/.02
Mean .90/.04 .80/.08 .90/.04 .80/.08 1.0/.00 1.0/.02 1.0/.00 1.0/.02
20 Min 1.0/.00 1.0/.02 1.0/.00 1.0/.02 1.0/.00 1.0/.02 1.0/.00 1.07.02
Random .90/7.04 .80/.08 .90/.04 .80/.08 1.0/.00 1.0/.02 1.0/.00 1.0/.02
Std .70/.19 .60/.23 .90/.04 .80/.08 1.0/.00 1.0/.02 .82/.09 .74/.08

Max .70/.19 .60/.23 .90/.04 .80/.08 .90/.04 .80/.08 1.0/.00 1.0/.02
Mean .90/.04 .80/.08 .90/.04 .80/.08 1.0/.00 1.0/.02 1.0/.00 1.0/.02
50 Min 1.07.00 1.0/.02 1.0/.00 1.0/.02 1.0/.00 1.0/.02 1.0/.00 1.07.02
Random .90/7.04 .80/.08 .90/.04 .80/.08 1.0/.00 1.0/.02 1.0/.00 1.0/.02

Std .70/.19 .60/.23 1.0/.00 1.0/.02 .97/.00 .95/.02 .82/.09 .74/.08
. ROUGE-2 ROUGE-L TER chrF++
Size Strategy
p T p T p T p T

Max .90/.04 .80/.08 .90/.04 .80/.08 .90/.04 .80/.08 .90/.04 .80/.08
Mean 1.0/.00 1.0/.02 1.0/.00 1.0/.02 .90/.04 .80/.08 1.0/.00 1.0/.02
20 Min 1.0/.00 1.0/.02 1.0/.00 1.0/.02 .40/.50 .40/.48 1.0/.00 1.07.02
Random 1.0/.00 1.0/.02 1.0/.00 1.0/.02 .90/.04 .80/.08 1.0/.00 1.0/.02
Std .92/.03 .88/.05 .82/.09 .74/.08 .90/.04 .80/.08 1.0/.00 1.0/.02

Max .80/.10 .60/.23 1.0/.00 1.0/.02 .90/.04 .80/.08 .90/.04 .80/.08
Mean 1.0/.00 1.0/.02 1.0/.00 1.0/.02 .90/.04 .80/.08 1.0/.00 1.0/.02
50 Min 1.0/.00 1.0/.02 1.0/.00 1.0/.02 .90/.04 .80/.08 1.0/..00 1.0/.02
Random 1.0/.00 1.0/.02 1.0/.00 1.0/.02 .80/.10 .60/.23 1.0/.00 1.0/.02
Std .92/.03 .89/.04 .76/.13 .67/.12 .90/.04 .80/.08 .90/.04 .80/.08

p = Spearman’s correlation coefficient; 7 = Kendall’s tau coefficient. Values shown as coefficient/p-value.
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