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Abstract

Non-autoregressive (NAR) models have been
mainly developed to improve decoding effi-
ciency. Lately, they have also shown potential
in controlled text generation tasks. In this work,
we investigate the decoding space of NAR mod-
els through lexically constrained machine trans-
lation tasks, and develop a search-based decod-
ing algorithm named LexMAP for the Directed
Acyclic Transformer (DAT). LexMAP achieves
full constraint coverage and competitive BLEU,
but trails the autoregressive (AR) model with
Grid Beam Search (GBS) on COMET and Met-
ricX. Our analysis reveals several interesting
properties of DAT-based NAR decoding: 1)
LexMAP is less affected by maximum a poste-
riori (MAP) degradation than AR with GBS; 2)
AR beam search exhibits strong positional bias,
in which the candidates only diverge near the
end of the sequence; 3) LexMAP accumulates
more DAT probability mass, with a sharper-
distribution caveat.1

1 Introduction

Language modeling has been a cornerstone of the
recent blooming of artificial intelligence, demon-
strating remarkable capabilities in various ad-
vanced tasks such as math, coding, and puzzle
solving (Vaswani et al., 2017; Devlin et al., 2019;
OpenAI, 2023; DeepSeek-AI, 2024). The de facto
approach for language modeling is to use an au-
toregressive (AR) model, which factorizes the
sequence-level probability into a product of condi-
tional probabilities, and each condition includes all
the previous tokens.

Despite being widely used, AR models have long
been criticized for several limitations, including
exposure bias and label bias (Lin et al., 2021), and
slow decoding speed (Sun et al., 2019; Stern et al.,

1The code, model, dataset, and output of this work
are publicly available at https://github.com/chenyangh/
DAT-lex-control-decoding.git

2018). Consequently, alternative approaches like
diffusion language models and non-autoregressive
(NAR) models have been proposed.

In particular, NAR models make independent
predictions, which allows for parallel decoding, sig-
nificantly improving the decoding speed. However,
this loss of dependency also leads to challenges in
generating coherent responses, which has been a
main research problem for the NAR research com-
munity. Among the advances, the Directed Acyclic
Transformer (DAT) (Huang et al., 2022) stands out;
it predicts extra tokens and also predicts links to
select which tokens to keep in the final output, ef-
fectively improving the modeling capacity while
maintaining efficiency.

In addition to efficiency, NAR models also offer
unique advantages in controlled generation tasks
(Liu et al., 2022a,b; Huang et al., 2024). Because
NAR models make independent predictions, they
enable large controlled-generation problems to be
decomposed into smaller, independent subprob-
lems, which can often be solved efficiently via
dynamic programming. Despite these promising re-
sults, the existing research primarily focuses on the
length-control tasks, where the autoregressive (AR)
models are not able to perform efficient search. As
a result, there is a lack of understanding of how
NAR models behave under search-based decoding,
compared with their autoregressive counterparts.

In this research, we investigate the decoding
space of NAR models through the lens of lexically
constrained text generation tasks, which aim to find
the most probable generation that contains a list of
pre-specified words. Compared with length-control
tasks, there are existing search-based decoding al-
gorithms for autoregressive (AR) models (Hokamp
and Liu, 2017; Post and Vilar, 2018; Hu et al.,
2019). Therefore, by developing an analogous
search-based decoding algorithm for NAR models,
we can compare AR and NAR decoding under the
same lexically constrained setting. Specifically, we
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propose a novel dynamic programming (DP) algo-
rithm for lexically constrained decoding based on
the Directed Acyclic Transformer (DAT) (Huang
et al., 2022). The general idea is to track the num-
ber of satisfied constraints at each of DAT’s predic-
tion steps and apply beam search to store the top
sequences. This beam search algorithm can be effi-
ciently implemented with dynamic programming,
as the predictions at each step are independent.

Our experiments generally follow the settings for
lexically constrained machine translation (Hokamp
and Liu, 2017; Susanto et al., 2020). The lan-
guage models are trained on the WMT’14 English–
German training set (Bojar et al., 2014) and evalu-
ated on three test sets built by filtering the WMT’14
and WMT’17 En–De test sets (Bojar et al., 2014,
2017) with Wiktionary and IATE terminology lists
(European Union, 2007). We also add Zh–En to
test different word order. We compare our pro-
posed method with a strong AR baseline: Grid
Beam Search (GBS) (Hokamp and Liu, 2017). The
results show that our proposed DAT-based method
achieves full coverage and competitive BLEU, but
lower COMET/MetricX than AR with GBS. More
importantly, we thoroughly analyze the decoding
space of DAT-based NAR models and have the fol-
lowing key findings: 1) LexMAP is less affected by
maximum a posteriori (MAP) degradation than AR
with GBS (Meister et al., 2020); 2) AR beam search
exhibits strong positional bias, in which the candi-
dates tend to diverge near the end of the sequence;
3) LexMAP accumulates more model probability
mass, with a sharper-distribution caveat.

2 Related Work

Existing attempts at lexically controlled transla-
tion have built upon both autoregressive (AR) and
iterative non-autoregressive (NAR) models. Specif-
ically, autoregressive models predict the next word
based on the previously generated words, and ex-
act lexical control is achieved by augmenting the
standard decoding algorithm—beam search—with
additional states, which progressively force that the
lexical constraints are covered (Hokamp and Liu,
2017; Post and Vilar, 2018; Hu et al., 2019). These
approaches are search-based, aiming to find the
best translation in the AR model’s decoding space
that satisfies the given lexical constraints.

On the other hand, existing NAR approaches rely
on iterative editing: the model starts with the re-
quired lexical constraints and then progressively

completes the generation (Susanto et al., 2020;
Zeng et al., 2022). Such decoding methods are
greedy, where the model only predicts the most
probable words or word spans at each iteration,
and therefore are not within the scope of search-
based methods. They are relevant NAR comparison
points, but they do not provide insights into the de-
coding space of NAR models, e.g., what kind of
sequences NAR and AR models prefer, and how
different they are when both are under constraints.

Our work is closely related to controlled text
generation with non-autoregressive models. Previ-
ously, Liu et al. (2022a) and Liu et al. (2022b) pro-
posed NAR models with dynamic programming al-
gorithms for length-control text generation, where
the Connectionist Temporal Classification (CTC,
Graves et al., 2006) model is used as the back-
bone. Their insight is that searching over NAR
models’ decoding spaces can be efficiently coupled
with dynamic programming, leading to better per-
formance. Later, Huang et al. (2024) verify this
hypothesis with the Directed Acyclic Transformer
(DAT) (Huang et al., 2022), which is a stronger
NAR model. While these works achieve better gen-
eration quality, there is still a lack of studies on how
NAR and AR models behave under search-based
decoding. Therefore, we aim to fill this gap by
investigating the decoding space of NAR models
via lexically constrained generation.

3 Methodology

3.1 DAT Model
The Directed Acyclic Transformer (DAT) (Huang
et al., 2022) is a non-autoregressive model that
generates words in parallel, allowing for efficient
decoding. DAT consists of two main components:
word predictions and link predictions.

Given an input sequence x = (x1, . . . , xTx) and
a target sequence y = (y1, . . . , yTy), DAT makes
S prediction steps, where S ≥ Ty, to accommo-
date the target sequence. The target words are
collected from a selection of S steps, denoted
by a = (a1, · · · , aTy), where 1 = a1 < a2 <
· · · < aTy = S. Further, DAT predicts the
links for every step as, modeling the probabil-
ity distribution of the next step’s position, given
by p

(s)
link(· | x), for s ∈ {1, · · · , S}. For each

step s, a word prediction is also made, given by
p
(s)
word(· | x), for s ∈ {1, · · · , S}. For simplicity,

we denote the word probability of token v at step
s as ws,v = p

(s)
word(v | x) and the link probability
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from step i to step j as li,j = p
(i)
link(j | x), i < j.

For the target sequence y, the probability is
given by marginalizing over all possible selections
a, and each selection’s probability is computed by
multiplying the link probabilities and word proba-
bilities along the selected steps. This is given by

p(y | x) =
∑

a∈ΓTy,S

Ty∏

t=2

lat−1,at

Ty∏

t=1

wat,yt (1)

where ΓTy,S is the set of all possible selections of
Ty steps from S steps. Because predictions at each
step are independent, this marginalizing can be
efficiently computed with dynamic programming
(Huang et al., 2022).

3.2 Lexical Control

For lexical-control text generation, a list of con-
straints c = (c1, . . . , cM ), where cm ∈ V and M
is the total number of constraints, is satisfied by
a target sequence y if (i) each word in c appears
in y in the same order, and (ii) word ci and word
ci+1 must be adjacent in y if ci is a continuation
(or non-terminating) token; we denote the set of
continuation tokens by V(cont).2

Objective. We denote the set of all target se-
quences that satisfy the constraints c as V(c). The
lexically controlled decoding objective is to find the
target sequence y⋆ that maximises the probability
of generating y under the constraints c. Integrating
the DAT probability from Eq. (1), the objective can
be rewritten as

y⋆ = arg max
y∈V(c)

S∑

s=Ty

∑

a∈ΓTy,s

Ty∏

t=2

lat−1,at

Ty∏

t=1

wat,yt (2)

LexMAP. However, finding the exact solution
to the objective in Eq. (2) is non-trivial; we de-
velop an approximate algorithm based on beam
search and apply dynamic programming to find
high-probability sequences efficiently.

2In practice, words in human languages are segmented into
subwords, which results in more shared word segments and
thus reduces the demand for a large vocabulary size. In this
work, we use the Byte Pair Encoding (BPE) (Sennrich et al.,
2016) method, where a special marker “@@” is added to the
end of each subword except the last one. For example, the
word “playing” may be segmented into “play@@” and “ing”,
and we denote words like “play@@” as continuation tokens,
given by V(cont) ⊆ V .

This algorithm is named LexMAP (Lexically
Constrained Maximum A Posteriori) decoding for
DAT. Although LexMAP is novel, it is not the sole
focus of this work, which is to investigate the de-
coding space of NAR models. Therefore, we refer
readers to Appendix A for more details.

4 Experiments

4.1 Setup

Our experimental settings generally follow the
work by Susanto et al. (2020), which are also
adopted by Lee et al. (2021) and Zeng et al. (2022).
The exact details are organized in Appendix A.2.

Datasets. We evaluate lexical control mainly
on three En–De benchmarks constructed from the
WMT’14 and WMT’17 En–De test sets with Wik-
tionary and IATE terminology constraints. To test
whether the findings transfer beyond language pairs
with relatively similar word order, we additionally
curate a Zh–En benchmark from WMT’17, since
Chinese and English differ substantially in word
order and alignment patterns. We construct this
benchmark by matching public English terminol-
ogy resources against the English reference side
and using the matched target terms as lexical con-
straints. Details of the dataset construction are
provided in Appendix A.2.

Metrics. For lexical control, we report term cov-
erage (%), the percentage of required terms that ap-
pear in the system output. To evaluate translation
quality, we report BLEU (Papineni et al., 2002),
COMET (Rei et al., 2020), MetricX (Juraska et al.,
2023), and perplexity (PPL). COMET scores in the
result tables are reference-based evaluation scores,
while reference-free COMET is used only for beam
reranking to avoid using the reference during can-
didate selection. We report both COMET and Met-
ricX to reduce potential bias introduced by any sin-
gle metric. For the added Zh–En table, we report
the same metrics with K = 5 decoding.

Baselines. We mainly compare our decoding
method against the autoregressive baseline: Grid
Beam Search (GBS, Hokamp and Liu, 2017). Both
GBS and LexMAP are beam search-based methods,
and they expand each beam into multiple beams to
ensure that all lexical constraints are satisfied.

4.2 Results and Analysis

Main Results. Table 1 presents the main En–De re-
sults of our proposed DAT-based LexMAP method,
compared with the autoregressive Transformer with
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# Method Coverage↑ BLEU↑ COMET↑ MetricX↓ PPL↓
n17-Dinu-IATE

1 Transformer 83.6% 29.55 0.9030 2.566 1557.8
2 w/ GBS 100.0% 30.08 0.8997 2.507 1239.7
3 DAT 81.2% 29.87 0.8771 3.033 778.1
4 w/ LexMAP 100.0% 30.11 0.8692 3.161 769.6

n14-Wikt

5 Transformer 81.2% 26.72 0.9265 1.858 707.2
6 w/ GBS 100.0% 26.55 0.9254 1.876 709.9
7 DAT 81.6% 27.43 0.9033 2.327 797.6
8 w/ LexMAP 100.0% 27.45 0.9020 2.339 798.2

n17-Dinu-Wikt

9 Transformer 83.5% 30.91 0.9129 2.222 674.9
10 w/ GBS 100.0% 31.00 0.9079 2.296 620.9
11 DAT 83.3% 31.10 0.8946 2.641 706.7
12 w/ LexMAP 100.0% 31.31 0.8800 2.914 704.5

Table 1: Translation quality and constraint satisfac-
tion results on lexically constrained machine translation.
Best results within each dataset are in bold. The beam
size is set to 5 for all methods.

# Method Coverage↑ BLEU↑ COMET↑ MetricX↓ PPL↓
Zh–En

1 Transformer 62.5% 28.60 0.7911 6.180 1510.7
2 w/ GBS 100.0% 28.57 0.7873 6.052 1458.7
3 DAT 60.0% 28.61 0.7709 6.982 1533.8
4 w/ LexMAP 100.0% 27.86 0.7632 7.194 1299.7

Table 2: K = 5 decoding results on the Zh–En lexical-
control set. Best results are in bold. BLEU and coverage
are recomputed from the decoded outputs; COMET,
MetricX, and PPL follow the same evaluation setup as
Table 1.

GBS decoding. Overall, our LexMAP method
achieves 100% constraint coverage and compet-
itive BLEU, but lower COMET/MetricX than AR
with GBS. Notably, the DAT-based methods yield
higher BLEU scores than the AR baselines yet
lower COMET and MetricX scores. This is consis-
tent with a unique property of NAR models, which
tend to focus on word-level accuracy, but the over-
all sentence fluency may be compromised due to
the independent predictions. This phenomenon
has also been observed in previous NAR studies
(Ghazvininejad et al., 2019; Gu and Kong, 2021).

On Zh–En, Table 2 shows a similar constraint-
satisfaction pattern but a clearer quality gap for
DAT-based decoding. Both GBS and LexMAP im-
prove coverage to 100%, confirming that the search
algorithms enforce the target-side constraints. For
the autoregressive model, GBS keeps BLEU close
to the unconstrained Transformer and improves
MetricX. For DAT, LexMAP also reaches full cov-
erage, but its BLEU, COMET, and MetricX scores
are lower than the unconstrained DAT output, al-
though it obtains lower PPL. These results suggest
that Zh–En is a more difficult lexical-control setting
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Figure 1: Comparison of beam reranking methods.
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Figure 2: Positional-diversity comparison in beam
search. The beam size is set to 30 for both methods.

for DAT-based search, consistent with our motiva-
tion for testing a language pair with different word
order and less monotonic alignment.

Quality of Beam Search. To evaluate the qual-
ity of beam search, we increase the beam sizes
from 5 to 70 and evaluate the top-1 beam se-
quence as well as the best sequence after rerank-
ing. Reranking uses reference-free COMET; table
COMET scores are reference-based. As shown
in Figure 1, we make two observations. First,
the autoregressive GBS method suffers from the
known beam search degradation issue (Meister
et al., 2020), where larger beam sizes lead to worse
top-1 sequence quality. On the other hand, our
DAT-based LexMAP’s performance remains stable
across different beam sizes. Second, reranking with
reference-free COMET grants more improvements
for our LexMAP method than GBS (0.8 BLEU vs.
0.4 BLEU), suggesting that LexMAP keeps useful
alternative DAT candidates in the beam.

Decoding Speed. Table 3 reports wall-clock de-
coding time as the beam size changes. GBS is faster
at small beam sizes, but its runtime grows quickly
with the beam size. LexMAP has larger overhead
when the beam is small, yet scales more slowly and
becomes faster from beam size 20 onward. Since
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Figure 3: Positional-diversity comparison on the Zh–En
lexical-control set. The beam size is set to K = 30 for
both GBS and LexMAP.
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Method Beam Mean Top-1 Mean Except Top-1

LexMAP 30 -0.200579 -0.297723
LexMAP 5 -0.201013 -0.246168
GBS 30 -14.485932 -15.885086
GBS 5 -14.585217 -15.571707

Figure 4: Accumulated beam probabilities across beam
sizes (top) and per-token log-probability statistics on
n17-Dinu-IATE (bottom). The table groups the top-1
hypothesis separately from the remaining beam candi-
dates.

the two systems use different implementations, we
treat these numbers as evidence about beam-size
scaling rather than a definitive end-to-end speedup
comparison.

Positional Bias. Since autoregressive models
generate words from left to right, and the follow-up
search depends on the previously generated con-
text on the left, we hypothesize that autoregressive
beam search exhibits a bias in terms of positions.
To verify this, we compare every pair of beam can-
didates and record the token positions where they
begin to diverge. Specifically, we normalize these
positions by the sequence length, aggregate them
across samples, and plot the resulting distribution.

As seen in Figures 2 and 3, the beam items only
begin to diverge close to the end of the sequence

Method Beam Size

5 10 20 40 60

GBS 16.52 35.32 120.76 271.32 460.84
LexMAP 27.25 50.55 57.99 64.13 76.60

Table 3: Wall-clock decoding time in seconds per sen-
tence on n17-Dinu-IATE with batch size 1.

for GBS, indicating that the autoregressive beam
search algorithm tends to keep candidates of the
same prefix. This also explains why reranking
helps less for GBS, as it does not explore changes
across different positions. In contrast, LexMAP
is more evenly distributed across positions in both
comparisons.

Accumulated Probabilities and Distribution
Sharpness. We further analyze the accumulated
probabilities of the top beam candidates with dis-
tribution sharpness. Specifically, we sum up the
probabilities of all beam candidates and plot them
against different beam sizes, and report per-token
log-probability statistics. As shown in Figure 4,
our DAT-based LexMAP consistently accumulates
higher model probability mass than AR with GBS
across different beam sizes. Because AR and DAT
use different factorizations and DAT has a sharper
beam distribution, we interpret this as concentra-
tion within the DAT search space, not as a universal
AR–NAR search-quality comparison.

5 Conclusion

In this work, we investigate the decoding space
of non-autoregressive (NAR) models via lexi-
cally constrained generation. We develop a novel
search-based decoding algorithm named LexMAP
based on the Directed Acyclic Transformer (DAT).
Our experimental results show that our proposed
method achieves reliable constraint satisfaction
and competitive BLEU, but lower neural-metric
scores than autoregressive Transformer with GBS
decoding. More importantly, we analyze the decod-
ing space of DAT-based NAR models and reveal
several interesting properties, including a smaller
beam search degradation issue, less positional bias,
and higher accumulated beam probabilities under
the DAT distribution. These findings shed light on
the unique features of NAR-based text generation
and highlight future NAR research.
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Limitations

This short paper mainly focuses on investi-
gating the decoding space of DAT-based non-
autoregressive (NAR) models via lexically con-
strained generation. Therefore, we limit our base-
line method to the autoregressive (AR) Grid Beam
Search (GBS) method. Thus, findings should be
read as DAT-versus-AR results rather than claims
about all NAR architectures. Unlike most NAR
methods, we report runtime in Table 3 but avoid a
definitive speedup claim, because the implementa-
tions of GBS and our LexMAP are not comparable:
GBS is implemented in Python, and our LexMAP
is optimized with PyTorch, allowing efficient par-
allel computation on GPUs. Therefore, reporting
a direct speedup comparison may be misleading.
The study is also limited to MT and one NAR ar-
chitecture.
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A Appendix A

A.1 Decoding Algorithm for LexMAP
We propose an approximate algorithm for LexMAP.
The idea is to use dynamic programming while
tracking, at each DP step, the number of lexical
constraints satisfied.

Specifically, let Bt,s,n denote the set of top-K
length-t sequences that have satisfied the first n
lexical constraints at DAT’s prediction step s. Fur-
thermore, let Vt(c1:n) denote the set of all length-t
sequences that satisfy the first n lexical constraints,
c1:n = (c1, . . . , cn), where 0 ≤ n ≤ M and M is
the total number of lexical constraints.

We denote Bt,s,n and its elements by

Bt,s,n =
{
b(k)

}K

k=1
(3)

where b(k) ∈ Vt(c1:n) is the kth highest scored
sequence found during the DP recursion.

Additionally, we store the probability of se-
quence b generated at DAT’s prediction step s with
n constraints satisfied; we denote it by rs,n(b).3

The DP recursion iterates along three dimen-
sions. The innermost loop is the number of con-
straints satisfied. For each length t and predic-
tion step s, we progressively look for the best
sequences that satisfy n lexical constraints for
0 ≤ n ≤ min(t,M), where n = 0 is the base
scenario where no constraints are satisfied.

The iterations over length t and prediction step s
follow the DAT dynamic-programming recursion,
where we iterate s for t ≤ s ≤ S, for the same
length t, and then progressively increase the length
t from 1 to a predefined maximum length.

The core change in LexMAP is the iteration over
the number of satisfied constraints. For each Bt,s,n,
there are two possible ways to form new sequences:

3This is different from the marginalized DAT probability
in Eq. (1), which sums over possible paths.
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free word generation and constrained word genera-
tion.

Free Word Generation. Free word predictions
allow appending any word from the vocabulary V
to previously generated sequences. However, there
are two conditions to apply free word generation:

1. The number of satisfied constraints n is not
increased,

2. If n > 0, the nth constrained word cannot
be in V(cont),4 such that subword-composed
words are not broken apart.

If the conditions are not satisfied, we set the set
of freely generated sequences to B(free)

t,s,n = ∅. Oth-

erwise, we obtain B(free)
t,s,n by considering all shorter-

length sequences in each Bt−1,s′,n, for t−1 ≤ s′ <
s. This is given by

B(free)
t,s,n =

{
b⊕ v

∣∣∣ b ∈
s−1⋃

s′=t−1

Bt−1,s′,n, v ∈ V
}
,

(4)

where ⊕ denotes sequence concatenation. For
search efficiency, we only consider the top-V most
probable predicted words at step s. The scores of
the new sequences are computed by accumulating
their scores from the previous steps:

r(free)
s,n (b⊕ v) = ws,v

s−1∑

s′=t−1

1
(
b ∈ Bt−1,s′,n

)

· rs′,n(b) ls′,s
(5)

where 1 is the indicator function that returns 1 if
b ∈ Bt−1,s′,n and 0 otherwise.

Constrained Word Generation. When the num-
ber of satisfied constraints is increased, we need to
ensure that the new word is one of the constrained
words. Specifically, for 0 < n ≤ min(t,M), we
construct a new set of sequences B(const)

t,s,n by check-
ing all shorter-length less-constrained sequences
within each Bt−1,s′,n−1, for t− 1 ≤ s′ < s, given
by

B(const)
t,s,n =

{
b⊕ cn

∣∣∣ b ∈
s−1⋃

s′=t−1

Bt−1,s′,n−1

}
,

(6)

4In other words, cn /∈ V(cont), where V(cont) is the set of
all continuation tokens, as described in Section 3.2.

where ⊕ denotes sequence concatenation, and the
scores of the new sequences are given by

r(const)
s,n (b⊕ cn) = ws,cn

s−1∑

s′=t−1

1
(
b ∈ Bt−1,s′,n−1

)

· rs′,n−1(b) ls′,s
(7)

The new set of sequences Bt,s,n is obtained by
merging the two sets B(free)

t,s,n and B(const)
t,s,n and keep-

ing the top-K sequences by score, given by

Bt,s,n = Top-K B(free)
t,s,n ∪ B(const)

t,s,n (8)

where the ranking is according to the scores of both
free predictions and constrained predictions, given
by

rs,n(b) = r(free)
s,n (b) + r(const)

s,n (b) (9)

Here, both r
(free)
s,n (b) and r

(const)
s,n (b) are set to 0 if

b is not in the corresponding set.
To obtain the sequences containing all the con-

straints, we repeat the DP process to obtain each
Bt,s,n for n = 0, . . . ,M , s = t, . . . , S, and
t = 1, . . . , Tmax, where Tmax is the predefined
maximum output length. We then collect all se-
quences satisfying all M constraints at DAT’s final
step S, given by

B(final) =

Tmax⋃

t=1

Bt,S,M (10)

To avoid favoring short sequences, the best
sequence in B(final) is selected by the length-
normalized score r̃S,M (b), given by

r̃S,M (b) =
rS,M (b)

|b| (11)

where |b| is the length of the sequence.

A.2 Experiment Details
Datasets. The models are trained on the WMT’14
English–German (En–De) training set (Bojar et al.,
2014), which contains around 4M sentence pairs.
We evaluate lexical control on three test sets, each
constructed by filtering with terminology that is
then used as the required constraints at inference:
(1) the WMT’14 En–De test set filtered using Wik-
tionary terms, yielding 454 sentence pairs; (2) the
WMT’17 En–De test set (Bojar et al., 2017) fil-
tered using Wiktionary terms, yielding 727 sen-
tence pairs; and (3) the same WMT’17 En–De test
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set filtered using Interactive Terminology for Eu-
rope (IATE) terms (European Union, 2007), yield-
ing 414 sentence pairs. In all cases, the exact terms
used for filtering are provided to the model at test
time as lexical constraints and must appear in the
generated translations.

For the additional Zh–En experiment, we train
models on the WMT’17 Zh–En training set (Bo-
jar et al., 2017), which contains approximately
22M sentence pairs. Following prior lexically con-
strained MT work (Hokamp and Liu, 2017; Su-
santo et al., 2020), we construct the lexical-control
test set from the English reference side by match-
ing candidate constraints from public terminol-
ogy and dictionary resources, including IATE and
Wiktionary/Wiktextract. The final Zh–En lexical-
control test set contains 200 sentence pairs. Since
the goal is to evaluate decoder-side lexical control,
we match constraints directly against English refer-
ences and do not require automatic bilingual term
alignment. Matching is performed in de-BPE word
space, while the final constraint span is copied from
the original BPE reference tokens. We keep unique,
longest non-overlapping matches and filter frequent
function-word phrases.

Model Configurations. For fair comparisons,
we train our models and the baselines with the same
settings. Specifically, we use the Transformer-base
configuration as the backbone of the translation
models; it has 6 encoding layers, 6 decoding layers,
8 attention heads, and a hidden size of 512. We
use the same BPE vocabulary of size 40K for all
models. To train the models, we follow the standard
scripts in (Susanto et al., 2020), and use the Adam
optimizer (Kingma and Ba, 2015) with a learning
rate of 5e-4 and a batch size of 64K tokens. We do
not conduct an additional hyperparameter search.

A.3 Reporting Protocol

Unless otherwise stated, MT results are reported
from a single trained model/checkpoint for each
system, following the standard setup in prior lex-
ically constrained MT work (Hokamp and Liu,
2017; Susanto et al., 2020; Lee et al., 2021; Zeng
et al., 2022). Since this MT setting uses standard
training data, architectures, and evaluation pro-
tocols and typically has low variance, we report
corpus-level metrics aggregated over each test set
and averages for the decoding-space analyses.

A.4 Use of AI Assistants
AI assistants were used for grammatical edits, cod-
ing assistance, and revision planning. No original
scientific content was generated by AI. The authors
validated all AI-assisted output and retained full
control over the method, experiments, benchmark
curation, results, analyses, and final writing deci-
sions.
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