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Abstract

LLM-based translation agents can plan, review,
and revise translations, but most existing sys-
tems still rely on a single hand-crafted instruc-
tion set shared across inputs. This is suboptimal
for translation, where texts vary widely in do-
main, context, style, and cultural grounding,
leading to heterogeneous and input-specific
errors. We propose STEINS, a self-evolving
framework that treats the instruction set gov-
erning agent roles, translation strategies, and
interaction constraints as an optimization tar-
get. During optimization, STEINS performs
structured error diagnosis and uses the result-
ing evidence to refine the agent specification
in a targeted and interpretable manner. The
framework supports both offline corpus-level
evolution and online instance-level adaptation
at test time. Across WMT23 (general-domain,
segment-level) and LITEVAL-CORPUS (lit-
erary, paragraph-level), and across four agen-
tic translation architectures, offline evolution
yields modest but generally positive corpus-
level gains, while online instance-level adapta-
tion yields larger and more consistent improve-
ments, with macro-averaged XCOMET gains
of +1.28 to +3.49 over 12 settings regardless of
whether adaptation starts from the original or
offline-evolved specification. Overall, our find-
ings identify instance-level specification adap-
tation as the key ingredient in effective agentic
machine translation.

1 Introduction

Large language models (LLMs) have enabled a
new generation of agentic machine translation sys-
tems, ranging from single-agent pipelines (Wang
et al., 2024b) to multi-agent collaborative frame-
works (Dutta et al., 2025; Wu et al., 2024). In
these systems, translation quality depends critically
on the agent specification: the instructions that
define agent roles, translation strategies, and inter-
action rules. In most existing systems, however,
this specification is manually designed and then
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Figure 1: Schematic illustration of the STEINS frame-
work. (a) The general diagnose-and-optimize loop. (b)
The framework is instantiated for both offline corpus-
level evolution and online instance-level adaptation.

kept fixed after deployment, forcing a single shared
instruction set to handle inputs that differ widely in
domain, context, style, and cultural grounding.

We reframe this problem through two comple-
mentary hypotheses: (1) hand-crafted agent speci-
fications are often suboptimal and can be improved
through data-driven refinement; and (2) the optimal
specification is partly input-dependent: translation
errors are heterogeneous and context-sensitive, so
a specification that is adequate on average may still
be poorly matched to a particular input. These
point to two distinct levels of agent optimization:
corpus-level specification evolution and instance-
level adaptation at test time.

Existing work on automated instruction refine-
ment addresses this problem only partially. Most
methods optimize prompts or workflows at the
dataset level, provide only coarse global feedback
for targeted updates, and rarely support instance-
level adaptation at test time. Generate-and-select
methods such as APE (Zhou et al., 2022) and
OPRO (Yang et al., 2023) rank candidate prompts
on held-out data, while evolutionary methods such
as EvoPrompt (Guo et al., 2023) and Prompt-
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Breeder (Fernando et al., 2023) apply generic
search operators over prompt populations. While
effective as general-purpose optimization strate-
gies, these approaches are not designed for machine
translation and provide limited translation-specific
diagnostic signal for targeted refinement.

In this work, we propose STEINS (Self-Evolving
Translation Enhancement In AgeNtic Systems)1,
a self-evolving framework that shifts specification
optimization from generate-and-select to diagnose-
and-optimize. During specification optimization,
an LLM-based diagnoser performs structured Mul-
tidimensional Quality Metrics (MQM)-grounded
error analysis and uses the resulting evidence to
refine the agent specification in a targeted and in-
terpretable manner. STEINS supports both offline
corpus-level evolution and online instance-level
adaptation, and can be applied to multiple agen-
tic translation architectures without modifying the
underlying translation model. To support broader
search over the specification archive, we introduce
a temperature-controlled softmax mechanism that
biases rewrite selection toward higher-credit histor-
ical specifications, enabling branching in the spec-
ification history. Across two benchmarks, three
language pairs, and four agentic translation archi-
tectures, our experiments reveal a clear offline–
online asymmetry in role and payoff. Offline evo-
lution yields modest but generally positive corpus-
level gains and provides an efficient initialization,
whereas the largest and most consistent improve-
ments come from online instance-level adaptation.
In summary, our contributions are as follows:

• We propose STEINS, a diagnosis-driven frame-
work for specification optimization in agentic
machine translation, which performs struc-
tured, span-grounded error diagnosis and
turns the resulting evidence into targeted, in-
terpretable updates to the agent specification.

• We unify offline corpus-level evolution and
online instance-level adaptation in a single
self-evolving framework, enabling controlled
comparisons and analysis of their distinct be-
haviors and trade-offs in agentic translation.

• We show that instance-level adaptation de-
livers the largest gains in agentic trans-
lation, while offline evolution provides a
modest but useful corpus-level improvement

1https://github.com/ZhanShenYo/STEINS

and an efficient starting point for later test-
time adaptation. Across WMT23 (Kocmi
et al., 2023) and LITEVAL-CORPUS (Zhang
et al., 2025b), online adaptation yields macro-
averaged XCOMET gains of +1.28 to +3.49
over 12 settings.

2 Related Work

Automated Prompt and Agent Optimization
Autonomous self-improvement, long discussed as a
theoretical possibility in computation (Good, 1966;
Schmidhuber, 1987, 2007), has recently become a
practical paradigm in LLM-based systems, where
prompts, instructions, workflows, and even agen-
tic designs can be iteratively improved from feed-
back. Prompt-level methods such as APE (Zhou
et al., 2022), OPRO (Yang et al., 2023), Prompt-
Breeder (Fernando et al., 2023), EvoPrompt (Guo
et al., 2023), and TextGrad (Yuksekgonul et al.,
2024) iteratively propose and refine textual in-
structions or variables using search, feedback, or
evolutionary mechanisms. More recent work ex-
tends this perspective from prompts to agent- or
system-level design, including ADAS (Hu et al.,
2024), Gödel Agent (Yin et al., 2024), AlphaE-
volve (Novikov et al., 2025), and the Darwin Gödel
Machine (Zhang et al., 2025a). However, these ap-
proaches are largely general-purpose and typically
optimize shared prompts, workflows, or agent de-
signs at the task level through global search, scalar
feedback, or generic mutation operators. They are
not designed for machine translation and provide
limited translation-specific diagnostic signal for tar-
geted, per-input refinement of agent specifications.

Adaptive and Agentic Machine Translation
Recent work improves LLM-based translation
through structured collaboration, memory, retrieval,
reflection, and learning-based adaptation beyond
static zero-shot pipelines. Representative agen-
tic frameworks include role-specialized collabo-
ration (Wu et al., 2024), memory-augmented docu-
ment translation (Wang et al., 2024b), and retrieval-
and reflection-enhanced translation (Chen et al.,
2024). Related work also explores reflective or de-
liberative translation, from iterative self-refinement
frameworks such as TEaR (Feng et al., 2024)
to debate-based and long-reasoning approaches
(Liang et al., 2023; Wang et al., 2024a). A further
line improves translation through model-level adap-
tation, as in R1-T1 (He et al., 2025) and MT-R1-
Zero (Feng et al., 2025), which optimize translation
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behavior via reward-guided training. In contrast,
STEINS treats the agent specification itself as the
adaptation target. Rather than proposing another
fixed workflow or updating model parameters, it
refines the instructions governing agent behavior
through evidence-grounded diagnosis, and explic-
itly studies both offline corpus-level evolution and
online instance-level adaptation.

3 The STEINS Framework

We cast agentic machine translation as search over
the space of agent specifications S. Depending
on the architecture, a specification s ∈ S may be
instantiated as a single prompt or as a coordinated
set of prompts. For a source input x, the transla-
tion system T produces a translation ŷ = T (x; s)
and a process log ℓ that records intermediate agent
outputs or interactions.

3.1 Problem Setup

Let D = {(xj , yj)}|D|
j=1 denote a translation corpus

with reference translations. In offline corpus-level
evolution, updates are performed on a training split
with reference translations, and the goal is to learn
a reusable corpus-level specification

s∗ = argmax
s∈S

E(x,y)∼D [m(T (x; s), y)] ,

where m(·, ·) is a reference-based MT metric. In
online instance-level adaptation, by contrast, adap-
tation is performed directly on test instances, with
reference translations neither exposed to nor used
by the adaptation policy. For each input x, we opti-
mize over specifications reachable within at most
R adaptation rounds:

s∗x = arg max
s∈Sx(R)

mqe(T (x; s)),

where mqe(·) is a reference-free quality estimator,
and Sx(R) denotes the corresponding reachable
specification set.

STEINS approximates both objectives with a
shared translate-diagnose-optimize loop over a
specification archive. Each execution is evaluated
using the metric appropriate to the current phase:
the reference-based m during offline evolution and
the reference-free mqe during online adaptation.
The resulting quality signal is assigned to the newly
created child as search credit for subsequent rewrite
selection. Because test-time search is not necessar-
ily monotonic across rounds, the final online pre-
diction is chosen as the translation with the highest

round-level quality under mqe, rather than the last-
round output. In our experiments, we instantiate m
with XCOMET (Guerreiro et al., 2024) and mqe

with XCOMET-QE.

3.2 Diagnose-Optimize Operator
The core component in STEINS is a diagnose-
optimize operator that uses diagnostic evidence to
transform a selected specification s into an updated
specification s′. The diagnoser performs MQM-
style (Freitag et al., 2021) error analysis over the
current translation, using the source text and trans-
lation output as primary inputs and the process log
as auxiliary context; additional phase-specific in-
puts are described in Sections 3.4 and 3.5. Each
issue is labeled with an error category and severity,
and grounded in explicit source-side and target-side
spans, yielding structured and verifiable diagnos-
tic evidence. MQM definitions are provided in
Appendix 20. The optimizer applies the resulting
diagnostic evidence to an editable strategy layer,
while protected regions containing fixed task in-
structions, placeholders, and output constraints re-
main unchanged. This preserves the task interface
while enabling targeted and interpretable strategy
updates.

3.3 Search Archive and Rewrite Selection
The generated specifications form a tree-structured
search history, represented conceptually as

A = {(si, pi, fi)}Ni=0,

where si is a specification, pi is its parent index,
and fi is its search credit. The root s0 is the starting
specification for the current search, with p0 = ⊥
and f0 = 0. In offline evolution, s0 is the orig-
inal hand-crafted specification; in online adapta-
tion, it is either the original specification or the
offline-evolved specification, depending on the ini-
tialization setting. At each update step, the rewrite-
selection policy chooses an archived specification
to revise in light of the current diagnostic evidence.
The resulting child is appended to A, with the cur-
rent quality signal assigned as its search credit.

Sequential selection. Select the most recently
added node, yielding a single-branch trajectory.

Softmax sampling. Let Ct denote the eligible
archive nodes at step t. For i ∈ Ct,

Pt(i) =
exp(fi/τ − β ln(1 + ci))∑

j∈Ct exp(fj/τ − β ln(1 + cj))
.
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Algorithm 1 Shared search skeleton of STEINS

Require: phase ϕ, input z, starting specification s0, transla-
tion system T , rewrite-selection policy π, budget B

Ensure: phase-dependent output
1: A ← {(s0,⊥, 0)};H ← ∅
2: for t = 1 to B do
3: et ← t − 1; if ϕ = OFFLINE then et ←

SELECTREWRITEϕ(A, π)
4: ŷt, ℓt ← T (z; set)
5: qt ← EVALUATEϕ(z, ŷt); APPEND(H, (t, ŷt, qt))
6: if ϕ = ONLINE and (CONVERGED(H) ∨ t = B)

then break
7: dt ← DIAGNOSEϕ(z, ŷt, ℓt)
8: pt ← et; if ϕ = ONLINE then pt ←

SELECTREWRITEϕ(A, π)
9: st ← OPTIMIZEϕ(spt , dt)

10: ft ← qt; A ← A∪ {(st, pt, ft)}
11: end for
12: return FINALIZEϕ(A,H)

Here τ controls the sensitivity to stored search cred-
its, ci counts how often node i has previously been
selected by the softmax policy, and β penalizes
repeated selection of the same node. This policy
allows STEINS to select earlier archive nodes as
rewrite parents, enabling branching in the specifica-
tion history while biasing selection toward higher-
credit states.

3.4 Offline Corpus-Level Evolution

In the offline phase, STEINS learns a reusable
corpus-level specification from a training split with
reference translations and selects the final speci-
fication on a held-out validation split. At epoch
t, it selects a specification from the archive, exe-
cutes it on the training set, scores the outputs with
the reference-based metric m, diagnoses informa-
tive failures, and rewrites the selected specification
accordingly. To prioritize the most informative re-
gressions, STEINS maintains a per-sample ratchet
threshold. Let ỹj denote the original bootstrap
translation and define b

(0)
j = m(ỹj , yj). Let pt

denote the parent selected at epoch t, and let ŷ(t)j

be the translation obtained by executing that parent.
The ratchet state inherited with the new node is
updated as

b
(t)
j = max

{
b
(pt)
j ,m(ŷ

(t)
j , yj)

}
.

A sample is treated as regressing if

m(ŷ
(t)
j , yj) < b

(pt)
j .

The top-k samples with the largest regression mag-
nitudes are selected for diagnosis. For each selected

Offline Evolution Online Adaptation

Scope Training split Single test instance
Archive scope Corpus-shared Instance-local
Search signal Reference-based m Reference-free mqe

Diagnosis target Top-k regressions Each continuing instance
Optimizer evidence Cross-sample aggregation Instance report + QE status
Goal Reusable corpus-level specification Instance-adapted specification
Stopping rule Fixed E-epoch budget Convergence or R-round budget
Output rule Validation-selected specification Highest-mqe executed translation
Reference use Search and selection Reporting only

Table 1: Phase-specific instantiations of STEINS.

sample, the diagnoser receives the source and refer-
ence, the ratchet-baseline and current translations
with their XCOMET scores, and the process log.
The resulting reports are aggregated into a struc-
tured summary for the optimizer. After optimiza-
tion, a review agent abstracts example-specific ed-
its into reusable translation strategies before the
updated specification is added to the archive.

3.5 Online Instance-Level Adaptation

Online adaptation performs an independent per-
input specification search. For each test input x,
STEINS starts from s0 and runs the search for at
most R rounds, maintaining an input-specific lo-
cal archive. Search is guided by the QE metric
mqe. The diagnoser receives the source text, the
baseline translation, the previous-round translation,
the current translation, and the process log. The
optimizer receives the diagnostic evidence together
with two categorical QE-derived status signals: the
current quality relative to the previous round (im-
proved, degraded, or unchanged) and relative to
the baseline (above, below, or equal). Let ŷr de-
note the translation produced by the specification
executed at round r, and let qr = mqe(ŷr) de-
note its observed round-level quality. If search
continues after round r, STEINS diagnoses ŷr, se-
lects an archived specification for rewriting, and
appends the resulting child to the local archive with
fnew ← qr as its search credit. The credit comes
from the current round; the child is evaluated in
the next round. Thus, execution proceeds linearly
through successively created specifications, while
rewrite selection may branch from earlier archive
nodes. Early stopping is triggered once the trajec-
tory stabilizes: an instance is considered converged
at round r if qr ≥ q1 and |qj − qj−1| < ϵ for every
j ∈ {r − P + 1, . . . , r}, where P is the number
of consecutive stable changes required for conver-
gence. Let Rx ≤ R denote the number of executed
rounds for input x. The final output is selected by

r∗ = arg max
1≤r≤Rx

qr, ŷ∗ = ŷr∗ . (1)
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Source:
In five minutes more the cloud of bewilderment
dissolved: I knew quite well that I was in my own bed,
and that the red glare was the nursery fire. It was
night: a candle burnt on the table; Bessie stood at the
bed-foot with a basin in her hand, and a gentleman sat
in a chair near my pillow, leaning over me.

Original specification output: 再过五分钟，那困
惑的迷雾便消散了：我清楚地知道⾃⼰躺在⾃⼰的
床上，那红⾊的光芒是 nursery 的⽕光。是夜晚，
桌上点着⼀⽀蜡烛；⻉⻄站在床边，⼿⾥拿着⼀个
盆⼦，⼀位绅⼠坐在床边的椅⼦上，俯⾝朝我这边。

Evolved specification: 
(…) Use specific Chinese equivalents for terms like 'nursery fire' to
convey the intended nuance (e.g., '育⼉室的⽕光' or '育婴室的
⽕光'). - Prioritize idiomatic and natural translations over literal
equivalents, especially for terms like 'nursery fire’. Specifically, for
terms like 'bed-foot', use precise equivalents such as '床尾' to
accurately convey the intended spatial relationship, avoiding
general terms like '床边' which may lead to confusion. (…)

Evolved specification output: 再过五分钟，困惑的迷雾便消
散了：我清楚地知道⾃⼰躺在⾃⼰的床上，那红⾊的光芒是
育婴室的⽕光。是夜晚，桌上点着⼀⽀蜡烛；⻉⻄站在床尾，
⼿⾥拿着⼀个盆⼦，⼀位绅⼠则坐在我的枕头旁的椅⼦上，
俯⾝朝我这边。

Figure 2: A representative online adaptation case study under CoT setting. STEINS diagnoses an input-specific
translation failure in the Round 1 output and revises the specification accordingly, yielding a better final translation.

Algorithm 1 summarizes the shared search skele-
ton of STEINS; phase-specific instantiations for
offline evolution and online adaptation are given in
Appendix A.1, together with an end-to-end online
search example in Figure 4. Table 1 summarizes
the differences between the two phases.

4 Experiment Setup

4.1 Datasets and Language Pairs

We pair WMT23 with LITEVAL-CORPUS in a
matched general-to-literary setting. WMT23 is
used for both offline corpus-level evolution and
online instance-level adaptation in the general-
domain setting, while LITEVAL-CORPUS is used
only for online instance-level adaptation in the
literary setting. We restrict all experiments to
the three language pairs shared by both datasets:
English→Chinese (en-zh), English→German (en-
de), and German→English (de-en).

WMT23 General MT. WMT23 (Kocmi et al.,
2023) serves as the general-domain, segment-level
benchmark in our study. Since offline evolution
is multi-epoch and online adaptation performs an
independent multi-round search for each test seg-
ment, we restrict the study to a controlled subset
consisting of the 400 longest segments for each
language pair from the WMT23 test set. We then
partition this subset into two disjoint portions: 200
segments are used for offline evolution (with an
85/15 train/validation split), and the remaining 200
are held-out test segments used to evaluate both the
standalone effect of offline evolution and segment-
level online adaptation.

LITEVAL-CORPUS. We use LITEVAL-
CORPUS (Zhang et al., 2025b) as our primary

literary benchmark and main stress test for STEINS.
Literary translation places particular demands
on stylistic control, discourse coherence, and
culturally grounded rendering, making it a strong
testbed for instance-level specification adaptation.
LITEVAL-CORPUS provides verified human
translations at the paragraph level, which makes it
well-suited for evaluating these phenomena beyond
general-domain segment translation. We evaluate
the same three language pairs as in WMT23 to
maintain a matched setting (The dataset statistic of
LITEVAL-CORPUS is given in Appendix 7).

4.2 Translation Systems

We apply STEINS to four LLM-based transla-
tion systems spanning different agentic interac-
tion patterns: Single, a single translator agent that
produces the output directly from an instruction
prompt; CoT, a single agent that reasons about the
translation context before producing the final out-
put, inspired by chain-of-thought prompting (Wei
et al., 2022); MAD, a two-agent debate system run
for three rounds, in which agents critique and revise
candidate translations and a moderator selects the
round output, adapted from Du et al. (2024); and
Fixed Pipeline, a three-agent translator-reviewer-
finalizer pipeline, with each agent guided by a dedi-
cated role prompt. Full prompts and role definitions
are provided in Appendix B.

4.3 Evaluation Metrics

We distinguish optimization signals, which drive
search, from reporting metrics, which are used only
for final evaluation. For each setting, we report not
only the optimization signal itself, but also addi-
tional reference-based and reference-free metrics,
allowing us to test whether gains transfer beyond
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Model Policy ∆XCOMET↑ ∆XCOMET-QE↑ ∆GEMBA↑

Qwen3-8B Sequential +0.33± 0.44 (11/12) +0.41± 0.71 (7/12) +0.40± 0.60 (9/12)

Softmax +0.37± 0.38 (10/12) +0.57± 0.65 (9/12) +0.47± 0.67 (8/12)

GPT-4o-mini Sequential +0.12± 0.37 (7/12) −0.13± 0.32 (4/12) +0.07± 0.27 (7/12)

Softmax +0.25± 0.65 (9/12) +0.15± 0.60 (5/12) +0.06± 0.21 (5/12)

Table 2: Corpus-level effects of offline-selected initialization on the WMT23 held-out test set. Values are macro-
averaged differences (∆ = Trained − Origin) over 12 settings (4 modes × 3 language pairs).

the signal used for refinement.

Optimization signals. Offline corpus-level evo-
lution is performed on reference-available data,
so we use XCOMET (Guerreiro et al., 2024) as
the optimization signal for scoring and validation-
based specification selection. Online instance-level
adaptation operates directly on test inputs, with
XCOMET-QE serving as the optimization signal
for refinement and best-of-R selection, without ref-
erence use during search.

Reporting metrics. For offline evolution on
WMT23, we report XCOMET-QE and GEMBA-
DAref (Kocmi and Federmann, 2023) in addition
to the optimization signal XCOMET. For online
adaptation on WMT23, where XCOMET-QE is
the optimization signal, we additionally report
XCOMET and GEMBA-DAref. For online adapta-
tion on LITEVAL-CORPUS, where XCOMET-QE
is the optimization signal, we additionally report
XCOMET and LiTransProQA (Vw) (Zhang et al.,
2025c), a literary-focused reference-free QA eval-
uator targeting discourse and stylistic dimensions
such as tone, figurative language, and cultural ren-
dering, with dimension weights informed by pro-
fessional literary translators. Additional evaluator
details are provided in Appendix F.

4.4 Implementation Details

We use two backbone LLMs for all settings:
Qwen3-8B (Qwen Team, 2025), served locally
via vLLM (Kwon et al., 2023), and GPT-4o-mini
(OpenAI, 2024), accessed through the OpenAI API.
Within each run, the same backbone is used for
translation, diagnosis, and optimization, and all
generation temperatures are set to zero to reduce
sampling variance. Across both phases, we com-
pare two rewrite-selection policies: Sequential
and Softmax, with temperature τ=0.1 and novelty
penalty β=0.5 for Softmax sampling. The temper-
ature sensitivity is further explored in Appendix G.

Offline corpus-level evolution runs for E=20

epochs. At each epoch, we diagnose the top-k sam-
ples with the largest regressions (k=32). For online
instance-level adaptation, each input undergoes up
to R=20 refinement rounds. Early stopping is trig-
gered once the online optimization signal is at least
as high as the Round 1 baseline and changes by less
than ϵ=0.01 for P=3 consecutive rounds. We eval-
uate two initializations: Trained (offline-evolved)
specification and Origin (hand-crafted) specifica-
tion. All other metrics are computed on the output
selected by XCOMET-QE for each input, rather
than on metric-specific optimal rounds, ensuring
that reported results reflect the actual system out-
put rather than an oracle upper bound. Main-text
results report macro-averages across 12 settings
(4 architectures × 3 language pairs), with full per-
setting results in Appendix I.

5 Results and Analysis

We systematically study offline corpus-level evo-
lution, online instance-level adaptation, and their
combination through different starting specifica-
tions. Across both benchmarks, two findings stand
out: offline evolution yields modest but generally
positive gains, whereas online adaptation delivers
much larger and more consistent improvements
across datasets, backbones, and evaluators. The
following analysis examines the standalone value
of offline evolution, its role as a starting point for
online adaptation, and the quality–efficiency trade-
offs induced by initialization and rewrite selection.

5.1 Offline Corpus-Level Evolution

Table 2 shows that offline corpus-level evolution
yields modest but generally positive gains on held-
out WMT23 test split. Improvements are larger
and more consistent for Qwen3-8B, whereas gains
for GPT-4o-mini are smaller and more mixed, es-
pecially on XCOMET-QE. Overall, the results sug-
gest that offline evolution learns a transferable
corpus-level improvement, but one whose effect re-
mains limited and backbone-sensitive. This pattern
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WMT23 (segment-level)

Init Model Policy ∆XCOMET↑ ∆XCOMET-QE↑ ∆GEMBA↑

Origin
Qwen3-8B Sequential +2.51± 1.06 (12/12) +3.84± 1.88 (12/12) +0.72± 0.72 (11/12)

Softmax +2.78± 1.30 (12/12) +4.36± 2.19 (12/12) +0.78± 0.73 (11/12)

GPT-4o-mini Sequential +1.41± 0.71 (12/12) +2.45± 1.34 (12/12) +0.19± 0.17 (9/12)

Softmax +1.66± 0.87 (12/12) +2.77± 1.58 (12/12) +0.21± 0.21 (11/12)

Trained
Qwen3-8B Sequential +2.10± 1.05 (12/12) +3.24± 1.69 (12/12) +0.49± 0.64 (9/12)

Softmax +2.25± 1.23 (12/12) +3.69± 2.05 (12/12) +0.56± 0.54 (12/12)

GPT-4o-mini Sequential +1.28± 0.83 (12/12) +2.35± 1.40 (12/12) +0.08± 0.16 (7/12)

Softmax +1.32± 0.92 (12/12) +2.43± 1.48 (12/12) +0.12± 0.17 (9/12)

LITEVAL-CORPUS (paragraph-level)

Init Model Policy ∆XCOMET↑ ∆XCOMET-QE↑ ∆Vw ↑

Origin
Qwen3-8B Sequential +2.77± 1.37 (11/12) +4.71± 0.87 (12/12) +0.06± 0.07 (9/12)

Softmax +3.49± 1.25 (12/12) +5.31± 1.02 (12/12) +0.09± 0.08 (11/12)

GPT-4o-mini Sequential +2.60± 1.13 (12/12) +3.96± 0.92 (12/12) +0.04± 0.03 (11/12)

Softmax +2.57± 0.91 (12/12) +3.83± 1.09 (12/12) +0.03± 0.04 (9/12)

Trained
Qwen3-8B Sequential +2.50± 1.05 (12/12) +4.34± 1.20 (12/12) +0.05± 0.06 (10/12)

Softmax +2.93± 0.99 (12/12) +4.72± 0.88 (12/12) +0.07± 0.06 (10/12)

GPT-4o-mini Sequential +2.25± 0.64 (12/12) +3.74± 0.99 (12/12) +0.01± 0.03 (8/12)

Softmax +2.02± 0.96 (12/12) +3.49± 0.95 (12/12) +0.01± 0.04 (7/12)

Table 3: Macro-averaged gains from online instance-level adaptation on WMT23 and LITEVAL-CORPUS. Values
report improvements of the final output over the Round-1 baseline across 12 settings, shown as mean±std; all
metrics are computed on the same output, and parentheses indicate the number of settings with positive gains.

is consistent with the difficulty of compressing het-
erogeneous translation failures into a single shared
corpus-level update.

5.2 Online Instance-Level Adaptation

Table 3 shows that online instance-level adapta-
tion yields large and highly consistent gains under
its QE-based optimization signal. On WMT23,
XCOMET-QE improves by +2.35 to +4.36, while
XCOMET improves by +1.28 to +2.78; both
metrics are positive in 12/12 settings for every
condition. These gains transfer to paragraph-
level literary translation: on LITEVAL-CORPUS,
XCOMET-QE improves by +3.49 to +5.31 and
XCOMET by +2.02 to +3.49, again almost al-
ways positive (11/12 or 12/12 settings in most
conditions). The magnitude and consistency of
these improvements support our central claim that
instance-level diagnose-optimize updates are well
matched to translation errors that vary substantially
across inputs.

The improvements also transfer beyond the QE
optimization signal. On WMT23, GEMBA im-
proves by +0.08 to +0.78 across conditions. On
LITEVAL-CORPUS, the literary-focused evalua-

tor Vw (LiTransProQA; §4.3) improves by +0.01
to +0.09, with most conditions positive. Since
Vw aggregates weighted QA judgments over liter-
ary dimensions using weights informed by profes-
sional translator input, improvements on this metric
provide additional evidence that the gains are not
confined to optimization signal alone. Paired sig-
nificance tests are reported in Appendix 18, and
full per-setting results are provided in Appendix I.

5.3 Initialization Effects: Trained vs. Origin

Table 3 shows that online adaptation is effective un-
der either initialization: starting from both Origin
and Trained, gains are consistently positive across
datasets and backbones. At the same time, Ori-
gin often yields larger improvements, indicating
greater adaptation headroom when starting from
the unevolved specification.

Table 4 shows that Trained is typically more
efficient and more stable. In most settings, it re-
quires fewer refinement rounds and achieves higher
convergence rates than Origin. Taken together,
these results clarify the role of offline corpus-level
evolution in STEINS: it is useful both as a modest
standalone corpus-level improvement and as an effi-
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Avg Rounds Conv %

Data Model Pol. O ∆↓ O ∆↑

WMT23

Qwen3-8B Seq 13.0 −1.4 57.9 +8.0
Qwen3-8B Soft 14.3 −1.5 44.3 +9.0
GPT-4o-mini Seq 11.0 −0.5 69.5 +3.2
GPT-4o-mini Soft 11.7 −0.4 62.1 +3.0

LitEval

Qwen3-8B Seq 15.6 −1.0 43.5 +7.7
Qwen3-8B Soft 16.9 −0.6 28.0 +2.0
GPT-4o-mini Seq 13.5 −0.3 55.1 +3.1
GPT-4o-mini Soft 14.2 +0.1 47.9 −1.1

Table 4: Efficiency and convergence of online adap-
tation. “O” denotes the macro-averaged value under
Origin initialization, and ∆ denotes Trained − Origin
over the same 12 settings.

cient initialization for subsequent online adaptation.
Its main benefit in the combined setting is therefore
not larger adaptation headroom, but a better start-
ing point that often reaches strong performance
with less test-time computation. At deployment
scale, even modest per-instance savings can accu-
mulate into meaningful reductions in total test-time
computation.

5.4 Search Policy and Efficiency Trade-offs

Softmax sampling can improve online adaptation
quality, but its gains are strongly conditioned by
initialization and backbone. In Table 3, Softmax
is generally more favorable under Origin, where
adaptation headroom is larger; this tendency is
clearest on WMT23 for both backbones and on
LitEval for Qwen3-8B. Under Trained, or for GPT-
4o-mini on LITEVAL-CORPUS, the gains become
smaller or disappear. Full pairwise policy deltas
are reported in Appendix Table 19.

Table 4 shows that Softmax typically requires
more rounds and converges less reliably than Se-
quential. This is consistent with its broader ex-
ploration behavior: by revisiting strong historical
nodes rather than following only the most recent
trajectory, it can sometimes recover better solu-
tions from earlier branches. The trade-off is most
favorable when the starting specification is weak
and substantial headroom remains, but less favor-
able once initialization is already strong. In prac-
tice, Trained+Sequential is the default choice
for compute-limited deployment, whereas Ori-
gin+Softmax is preferable when maximizing trans-
lation quality justifies additional test-time search.
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Figure 3: Ablation and scaling analyses of STEINS: (a)
update-signal ablation; (b) model scaling.

5.5 Qualitative Example

Figure 2 illustrates a representative case of online
adaptation. The initial translation contains two
local problems that are especially harmful in lit-
erary narration: an under-localized rendering of a
scene-setting term, which breaks target-language
naturalness, and an imprecise description of char-
acter placement, which weakens the spatial clarity
of the scene. The evolved specification addresses
both issues by promoting a more idiomatic Chinese
rendering and tighter spatial grounding, producing
a translation that reads as more natural, precise,
and narratively coherent.

5.6 Ablation and Scaling Analyses

Figure 3 reports two targeted analyses on
LITEVAL-CORPUS en-zh under online adaptation
with Origin initialization, using the CoT system.
Figure 3(a) compares ∆XCOMET under three up-
date variants: Full, the complete STEINS setup;
NoDiag+Trend, which removes the MQM-style di-
agnostic report but retains round-to-round trend sig-
nals; and No Signal, which allows unconstrained
prompt rewriting without either form of feedback.
The ordering Full > NoDiag+Trend > No Signal
indicates that gains come not merely from iterative
rewriting, but from injecting translation-specific,
span-grounded diagnostic evidence into specifica-
tion updates. Figure 3(b) examines model scaling
under the same setting. Final XCOMET increases
monotonically from Qwen3-4B to 8B to 14B (54.7,
57.2, and 62.0, respectively), showing that STEINS

remains complementary to stronger backbones.
The 4B model still benefits substantially from on-
line adaptation, indicating that STEINS remains
effective even for weaker starting outputs. Full
results for all metrics are reported in Appendix E.
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Method Trans. Eval/QE Diag.+Opt. Total

zero-shot n 0 0 n
offline nE nE (k+2)E (2n+k+2)E
online nR nR 2nR 4nR

Table 5: LLM-call complexity. n: number of sentences;
E: offline training epochs; R: average online adaptation
rounds per sentence; k: diagnosed samples per epoch.

5.7 Inference Cost and Adaptation Efficiency
The iterative nature of self-evolving agentic sys-
tems makes computational efficiency an impor-
tant practical consideration. Table 5 summarizes
the inference complexity of fixed prompting, of-
fline evolution, and online adaptation, while Ta-
ble 6 reports measured per-segment online costs in
terms of adaptation rounds, LLM calls, wall-clock
time, and token usage. Online QE evaluations are
batched across active segments within each round;
thus, per-segment call counts reflect total inference
work rather than sequential wall-clock execution.

The cost varies substantially across agent archi-
tectures. MAD is the most expensive setting, aver-
aging 140.9 LLM calls and 270.8 seconds per seg-
ment, reflecting its multi-agent debate structure and
retained conversational context. Nevertheless, the
gain trajectories in Appendix Table 13 show that
the first five rounds capture approximately 75% of
the total quality improvement across all four modes,
suggesting that a smaller adaptation budget can pre-
serve much of the gain while substantially reducing
inference cost.

6 Conclusion

We introduced STEINS, a self-evolving framework
for agentic machine translation that optimizes agent
specifications through a diagnose-optimize loop
using MQM-style, span-grounded error evidence.
This design enables targeted and interpretable spec-
ification updates without model parameter tuning.
Across WMT23 and LITEVAL-CORPUS, offline
corpus-level evolution provides modest but gener-
ally positive gains and a useful warm start, whereas
online instance-level adaptation delivers the largest
and most consistent improvements, highlighting
the value of instance-level specification adaptation
in agentic machine translation.

Limitations

Our framework introduces a quality-efficiency
trade-off at inference time: online instance-level

Mode Avg R Calls Wall (s) In tok. Out tok.

Single 13.85 39.3 13.5 53,201 11,882
CoT 13.76 39.3 32.0 49,110 14,201
Fixed 14.04 69.2 68.3 71,513 17,034
MAD 13.29 140.9 270.8 147,434 33,295

Table 6: Per-segment measurements for an online run
(Qwen3-8B, en-zh, WMT23). Calls and wall-clock in-
clude LLM inference only.

adaptation requires multiple rounds of transla-
tion, evaluation, and diagnosis, increasing latency
and cost despite early stopping. Online updates
also depend on a reference-free quality estima-
tor (XCOMET-QE), which may introduce metric-
specific biases; although gains generally transfer to
independent evaluators, improvements are not guar-
anteed for every quality dimension. Offline corpus-
level evolution yields only modest gains in our
experiments and remains backbone-sensitive, sug-
gesting that a single global specification is useful
but insufficient for fully addressing heterogeneous,
input-specific translation errors. In addition, diag-
nosis relies on an LLM and may suffer from imper-
fect or inconsistent error attribution, even with span
grounding and protected prompt regions. Finally,
our evaluation covers only three language pairs and
two benchmarks; broader validation across more
language pairs, longer documents, real-world do-
mains, and larger-scale professional human evalua-
tion remains important future work. Future work
may explore adaptive temperature schedules and
more efficient search strategies to further improve
the quality-efficiency trade-off.
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A Appendix

A.1 Implementation of the Offline and Online
Phase

Algorithm 2 Offline Corpus-Level Evolution
Require: training corpus Dtr = {(xi, yi)}ni=1, validation

corpus Dval, initial specification s0, rewrite-selection pol-
icy π, epochs E, diagnostic budget k

Ensure: selected specification s⋆

1: A ← {(s0,⊥, 0)}; B0 ← BOOTSTRAP(Dtr)
2: for e = 1 to E do
3: ue ← SELECTPARENT(A, π)
4: for i = 1 to n do
5: (ŷ

(e)
i , ℓ

(e)
i )←

TRANSLATEWITHLOG(xi, sue , ỹ
(ue)
i )

6: q
(e)
i ← XCOMET(xi, ŷ

(e)
i , yi)

7: δ
(e)
i ← b

(ue)
i − q

(e)
i

8: end for
9: Ie ← TOPK({i : δ(e)i > 0}, δ(e), k)

10: Re ← DIAGNOSEMQM(
Ie,Dtr,Bue ,

ŷ(e),q(e), ℓ(e))
11: Γe ← AGGREGATEDIAGNOSTICS(Re)
12: se ← REVIEW

(
UPDATESPEC(sue ,Γe)

)

13: fe ← 1
n

∑n
i=1 q

(e)
i

14: A ← A∪ {(se, ue, fe)}
15: Be ← RATCHETUPDATE(

Bue , ŷ
(e),q(e))

16: end for
17: e⋆ ← argmaxe∈[E]

EVALUATEONVALIDATION(sue ,Dval)
18: return sue⋆

Note. Bu = {(ỹ(u)
i , b

(u)
i )}ni=1 is the branch-local ratchet

state, initialized from the fixed zero-shot baseline. The execu-
tion of sue supplies the search credit fe stored with child se;
it is not an independent evaluation of se. Validation is applied
post hoc to specifications executed during evolution.

Algorithm 3 Online Instance-Level Adaptation
Require: input instance x, starting specification s0, rewrite-

selection policy π, max rounds R, stability threshold ϵ,
patience P

Ensure: best-of-R translation ŷ⋆

1: Ax ← {(s0,⊥, 0)}; scur ← s0; ŷ(0) ← ∅
2: ŷ⋆ ← ∅; q⋆ ← −∞; cstable ← 0
3: for r = 1 to R do
4: (ŷ(r), ℓ(r))← TranslateWithLog(x, scur, ŷ

(r−1))

5: qr ← XCOMET-QE(x, ŷ(r))
6: if r = 1 then q0 ← q1
7: if qr > q⋆ then
8: (ŷ⋆, q⋆)← (ŷ(r), qr)
9: end if

10: if r > 1 then
11: cstable ← cstable + 1 if |qr − qr−1| < ϵ; other-

wise cstable ← 0
12: end if
13: if r = R or (r > 1 ∧ qr ≥ q1 ∧ cstable ≥ P ) then

break
14: R(r) ← DiagnoseMQM(x, ŷ(1), ŷ(r−1), ŷ(r), ℓ(r))

15: (z
(r)
prev, z

(r)
base)← ScoreStatus(qr, qr−1, q1)

16: ur ← SelectRewriteParent(Cr, π)
17: snew ← UpdateSpec(sur ,R(r), z

(r)
prev, z

(r)
base)

18: Ax ← Ax ∪ {(snew, ur, qr)}; scur ← snew
19: end for
20: return ŷ⋆

Note. The diagnoser observes the baseline, previous, and
current translations and the process log, but no QE scores;
the optimizer receives its report together with categorical QE
status signals. For sequential selection, the rewrite parent is
scur. For softmax selection, Cr contains the children generated
before the round-r update; sampling is used only when |Cr| ≥
2, and otherwise defaults to scur. The execution at round r
supplies the search credit qr stored with the resulting child;
it is not an independent evaluation of that child, which is
executed in the following round.
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B System Prompt Templates

We list the original (hand-crafted) agent specifica-
tions for each translation architecture below. Place-
holders are shown in {violet}. Shaded regions de-
note protected zones that the optimizer cannot mod-
ify (§3.2).

B.1 Zero-Shot Translation Prompt

Zero-Shot Prompt

Translate the following text from {src_lng} to
{tgt_lng}: {source}. Please return only the
{tgt_lng} translation. Do not include JSON,
metadata, explanations, or any additional
content.

B.2 Single-Agent

Agent Prompt

You are a translation expert.

Translate the following text from {src_lng}
to {tgt_lng}: {source}. Please return only
the {tgt_lng} translation.

Do not include JSON, metadata, explanations,
or any additional content.

B.3 Chain-of-Thought (CoT)

CoT Prompt

You are a translation expert.

Translate the following text from {src_lng}
to {tgt_lng}: "{source}". Strictly return
JSON: {"thinking": "...", "translation":
"..."}

You are a careful human translation expert:
you first form a full understanding of
the sentence, then produce a clean final
translation.
Before writing the final translation, briefly
reason internally about:
- What the sentence is doing (statement /
instruction / warning / contrast / definition).
- Key entities, numbers, and technical terms
that must stay exact.
- Ambiguous parts (pronouns, tense / aspect,
scope of negation, modifiers) and resolve them
using context if provided.
- Style and register (formal / informal,
academic/ marketing) and keep it consistent.
Then write the final translation in one pass,
fluent and faithful, with no extra text.

B.4 Fixed Pipeline

Translator Prompt

You are a professional translator. Focus on
accuracy and natural expression.

Translate the following text accurately and
naturally: Source ({src_lng}): {source}
Provide only the {tgt_lng} translation.

Just provide the translation, do not include
explanations.

Reviewer Prompt

You are a translation reviewer. Your job is
to improve translations for accuracy, fluency,
and cultural appropriateness.

Review and improve the following draft
translation: Source ({src_lng}): {source}
Draft translation: {draft_translation}
Provide an improved {tgt_lng} translation.

Just provide the translation, do not include
explanations.

Finalizer Prompt

You are the final quality controller in a
translation pipeline. Your task is to produce
the best possible translation.

Compare the translations and produce the
final polished version:
Source ({src_lng}): {source}
Draft: {draft_translation}
Reviewed: {reviewed_translation}
Provide the final {tgt_lng} translation.

Just provide the translation, do not include
explanations.

B.5 Multi-Agent Debate (MAD)

Player Meta Prompt (Debater Identity)

You are a debater participating in a
translation debate competition.
Welcome to this constructive and thoughtful
debate. It is entirely appropriate to
offer different perspectives, as our shared
objective is to discover the most accurate and
natural translation.

The debate topic is as follows: What is
the appropriate {tgt_lng} translation of
the following {src_lng} text: “{source}”
{context}.

Moderator Meta Prompt (Moderator Identity)

You are acting as a moderator of a
translation debate competition. In this
translation debate, debaters will present
their proposed translations and explain their
reasoning.
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Regarding the correct {tgt_lng} version
of the given {src_lng} text: {source}.
{context}

At the conclusion of each round, your role is
to synthesize and optimize the translations.

Initial Prompt (First Round)

Please translate the following sentence to
{tgt_lng}: {source}
Afterwards, please briefly explain your
reasoning.
Strictly return JSON: {“Translation”: “”,
“Brief Reason”: “”}
Only return the JSON object.

Debate Prompt (Subsequent Rounds)

Critically evaluate other agents’ translations
and refine your own to produce the most
accurate and natural result.

Please translate the following sentence to
{tgt_lng}: {source}
If it is helpful, here are some suggested
translations from other agents:
{candidate_solutions}
{pre_mod}
Strictly return JSON: {“Translation”: “”,
“Brief Reason”: “”}

Only return the JSON object. If an agent’s
reasoning is incorrect, point it out. State
the answer FIRST, then your reasoning.

Moderator Prompt

As the moderator, evaluate all candidate
translations and select or synthesize the
best one based on accuracy, fluency, and
naturalness.

The {round} round of the translation debate
has concluded.
If it is helpful, here are some suggested
translations from other agents:
{candidate_solutions}
Strictly return JSON: {“Translation”: “”,
“Brief Reason”: “”}

You can select the best translation from the
candidates, or refine one to improve it. You
may also reject all candidates and provide
your own. But you must return only one final
translation.
State the answer FIRST, then your reasoning.
Only return the JSON object.

C Steins Prompts

The diagnostic module produces MQM-structured
error reports. Offline and online variants differ in
available evidence: the offline diagnoser receives
reference translations and quality scores, while the
online diagnoser operates without either.

C.1 Offline Diagnostic Prompt

Used in the offline training phase to analyze why a
system translation scored lower than the baseline.

Offline Diagnostic Prompt (diagnose_sample)

You are an expert in machine translation
quality diagnosis and agentic system analyzing.
Your job is to explain why the system
output translation scored LOWER than the
baseline translation, and produce an MQM-style
structured diagnostic that can be directly
used by an optimizer agent to revise
prompts/roles/execution plan.

INPUT
- translation framework: {process_type}
- Source: {source}
- Reference: {reference}
- Baseline Translation: {base_translation}
- System Updated Translation:
{updated_translation}
- xCOMET Scores: {xcomet_scores}
- Score Pattern: {score_pattern}

—- Translation Process Log —-
{translation_process}

MQM taxonomy definitions:
Accuracy, Fluency, Terminology, Style, Locale
convention, Other — omitted for brevity
TASK
Step 1) Compare updated translation vs.
baseline based on source vs reference.
Identify why the updated translation scored
worse.
Step 2) Output MQM issues with severity.
Step 3) Provide framework-aware, actionable
suggestions specifically for improving this
translation framework.
Severity rules:
- Major: actual errors that degrade meaning or
correctness.
- Minor: smaller imperfections that preserve
meaning.
- Neutral: purely subjective preference.
Reporting constraints:
- Report AT MOST 5 issues. Focus on the most
important issues that likely caused the score
drop.
- Suggestions must target: system_prompt,
agent_roles, execution_plan ...
- Do NOT give generic advice. Tie each
suggestion to specific MQM issues.

C.2 Online Diagnostic Prompt

Used during test-time scaling. Operates without
reference translations or quality scores — diagnosis
is purely evidence-based.

Online Diagnostic Prompt (diagnose_tts)

You are an expert in machine translation
quality diagnosis. You do NOT have access to
a reference translation or quality scores.
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INPUT
- Source: {source}
- Baseline Translation: {base_translation}
- Previous round Translation:
{prev_translation}
- Current round Translation:
{curr_translation}
- Translation Framework: {process_type}

—- Translation Process Log —-
{translation_process}

TASK
Identify issues in the current translation
based on SOURCE-TARGET ALIGNMENT. Focus on
EVIDENCE-BASED issues that can be verified from
source text. Compare current vs previous round
and baseline translations to identify:
1) What changed between previous and current
translation? (improvements or regressions)
2) Any issues that persist from baseline?
3) Any new issues introduced?
DO NOT:
- Make subjective preference judgments without
evidence
- Report issues without source evidence
[MQM taxonomy...]

C.3 Optimizer Prompts
The optimizer receives diagnostic reports and gen-
erates JSON patches to modify the editable (non-
fixed) regions of translation prompts. Both variants
share framework-aware constraints and the patch
format; they differ in optimization objective.

C.4 Offline Optimizer Prompt
Optimizes for dataset-level generalization. Explic-
itly prohibits case-specific rules.

Offline Optimizer Prompt

You are an expert prompt-optimizer for agentic
machine translation systems.

FRAMEWORK: {framework}
{framework_description}

ALLOWED_PATHS: {editable_paths}
CURRENT_CONFIG: {current_prompts}
DIAGNOSIS_SUMMARY: {aggregated_diagnosis}

GENERALIZATION (TRAIN MODE)
You are optimizing prompt for a dataset-level
translation system, not for individual
sentences. The prompt will be applied to UNSEEN
data, so it MUST generalize.
CRITICAL RULES:
- NEVER include specific translations, names,
or term mappings from examples.
- ALWAYS abstract diagnosed issues into general
translation strategies.
- Focus on CATEGORIES of problems, not specific
instances.
- NEVER build glossary-style ‘source→target’
term lists in ANY field.
Examples of BAD vs GOOD rules:
- BAD: “Use ‘[Chinese rendering]’ for Bessie”

- GOOD: “Maintain consistent rendering of
proper nouns throughout the text”
- BAD: “translate ‘lay to’ as ‘[specific
Chinese nautical term]”’
- GOOD: “Use precise domain-specific
terminology for nautical/technical terms”
[Output Schema]

C.5 Online Optimizer Prompt
Optimizes for a single translation instance. Encour-
ages case-specific rules.

Online Optimizer Prompt

You are an expert prompt-optimizer for agentic
machine translation systems.

FRAMEWORK: {framework}
{framework_description}

ALLOWED_PATHS: {editable_paths}
CURRENT_CONFIG: {current_prompts}
DIAGNOSIS {diagnosis}
TTS OPTIMIZATION CONTEXT
STATUS: {status}
(vs. previous round and baseline)
Strategy: {strategy}

Strategy Matrix:
vs. Pre vs. Base Strategy
improved above REINFORCE: ...
improved below CONTINUE: ...
improved equal FINE-TUNE: ...
degraded ... ...
...
unchanged ... ...
...

SPECIFICITY
You are optimizing for a SINGLE instance. This
prompt will ONLY be used for this specific
translation case.

- You CAN include case-specific translation
guidance.
- Preserve terminology choices identified as
good translations.
- Be specific about style, tone, and register
for this particular content.
[Output Schema]

C.6 Review Prompt
In offline phase, a review agent post-processes the
optimizer output to abstract away any residual case-
specific artifacts before the prompt is applied to the
next epoch.

Review Agent Prompt

You are a prompt quality reviewer for a machine
translation optimization system.
BACKGROUND:
An upstream optimizer derives translation
prompt rules from error diagnostics. These
diagnostics inevitably include concrete
instances (source segments, reference
translations, annotated error spans). As
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a result, the optimizer may propagate
surface-level artifacts into rules.

ALLOWED_PATHS: {editable_paths}
CURRENT_CONFIG: {optimizer_output}

YOUR TASK:
1. ABSTRACT: Replace any rule that references
quoted names, terms, or translations with a
general pattern.
- Before: “Use ‘Vorladung’ for ‘subpoena’ and
‘Einziehung’ for ‘seizure”’
- After: “Use precise domain-appropriate legal
terminology”
- Before: “Avoid mistranslations of phrases
like ‘Amid Dropping Income”’
- After: “Translate idiomatic phrases
naturally rather than literally”
2. MERGE: Combine similar or overlapping rules
into a single, stronger rule.
3. DEDUPLICATE: Remove exact or near-duplicate
rules.
4. SIMPLIFY: Make each rule concise.
5. IMPROVE: Rewrite vague rules to be more
actionable and precise.
- Before: “Ensure correct use of terms”
- After: “Choose register-appropriate
vocabulary: formal contexts require formal
equivalents”

HARD CONSTRAINTS:
- Every rule in the output must be applicable
to ANY translation text.
- Ensure zero leakage of reference
translations: remove any concrete
translation details, quoted terms,
term mappings, or target-language text
originating from reference data.
- Preserve all placeholders (##source##,
##src_lng##, etc.).

[Output Schema]

D LITEVAL-CORPUS Dataset Statistic

Pair Paragraphs Segments Sentences Sentences /
Paragraph

Source Target

de-en 46 562 4310 7.1 7.7
en-de 46 554 2790 4.4 5.0
de-zh 47 520 3039 5.3 5.8
en-zh 49 552 3162 5.5 5.7

Total 188 2188 13301 5.6 6.1

Table 7: LitEval dataset statistics.

E Ablation Studies

Tables 8 and 9 report the full ablation results for all
evaluation metrics.

F Supplementary Evaluation Details

Evaluator backbones. We instantiate both
GEMBA-DAref and LiTransProQA (Vw) with

Model XCOMET XCOMET-QE Vw

Qwen3-4B 54.66 (+5.23) 55.20 (+7.35) 4.08 (+0.15)
Qwen3-8B 57.19 (+4.13) 56.31 (+5.58) 4.17 (+0.07)
Qwen3-14B 61.95 (+6.18) 60.08 (+7.57) 4.21 (+0.01)

Table 8: Model size study on LitEval en-zh Online-
Origin (↑). CoT mode, softmax parent selection, 20
rounds max. Best round by XCOMET-QE argmax. ∆ =
best − Round 1.

Setting XCOMET XCOMET-QE Vw

Full 57.19 (+4.13) 56.31 (+5.58) 4.17 (+0.07)
No MQM 56.66 (+3.51) 55.55 (+4.75) 4.16 (+0.07)
No Signal 56.59 (+3.00) 55.07 (+3.84) 4.13 (+0.03)

Table 9: Three-level MQM ablation on LitEval en-zh
TTS-Origin (↑). CoT mode, softmax parent selection,
Qwen3-8B, 20 rounds max. “Full” = MQM diagnosis +
score direction; “No MQM” = no diagnosis, optimizer
sees score direction only; “No Signal” = no diagnosis,
no direction (blind optimization).

GPT-4o-mini. For the XCOMET family, we
use XCOMET-XL as the shared backbone for
both XCOMET and XCOMET-QE, evaluated in
reference-based and reference-free QE modes, re-
spectively.

XCOMET and XCOMET-QE. XCOMET is a
unified learned MT evaluation metric that supports
both reference-based evaluation and reference-free
quality estimation (QE) within a single model fam-
ily. In addition to a sentence-level quality score,
it predicts localized error spans with severity la-
bels, providing a more interpretable view of trans-
lation quality. In this work, we use XCOMET-XL
as the common backbone for both XCOMET and
XCOMET-QE.

LiTransProQA (Vw). LiTransProQA is a
reference-free, LLM-based QA metric designed
specifically for literary translation evaluation.
Rather than relying on automatically generated
questions, it uses a curated set of professionally
motivated evaluation questions targeting literary
devices, cultural understanding, tone and authorial
voice, coherence, and related dimensions. The
question inventory is developed from literary
translation resources and then filtered through
two stages: importance ratings from professional
literary translators and sensitivity analysis to
remove questions with weak discriminative power.
The final metric uses 25 selected questions.

For each question, the evaluator answers Yes, No,
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Setting XCOMET-QE↑ XCOMET (ref)↑
Optimizer temperature τ=0.1, Ttrans=0.0
0.0† 57.03±0.43 57.74±0.52
0.2 57.14±0.47 57.72±1.21
0.4 57.16±0.82 57.81±0.71
0.6 57.49±0.67 57.99±0.89
0.8 57.53±0.39 58.02±0.28
Rewrite-selection temperature Topt=0.0, Ttrans=0.0
0.01 56.75±0.40 57.31±1.18
0.03 56.80±0.57 57.61±0.79
0.1† 57.03±0.43 57.74±0.52
0.3 57.08±0.89 57.83±0.88
1.0 56.70±0.47 57.71±0.80
Translation temperature Topt=0.0, τ=0.1
0.0† 57.03±0.43 57.74±0.52
0.2 57.52±0.25 57.99±0.47
0.4 58.16±0.39 58.23±0.31
0.6 58.97±0.49 59.16±0.18
0.8 59.52±0.41 59.71±0.32

Table 10: Temperature ablation for online adaption on
LitEval en–zh (CoT mode, Qwen3-8B-FP8, 49 para-
graphs, max. 20 rounds). XCOMET-QE is the score of
the QE-selected best round, while XCOMET (ref) is the
reference-based score of the same round. All values are
×100 and reported as mean±std over three search seeds.
† denotes the shared control run (Topt=0.0, τ=0.1,
Ttrans=0.0).

or Maybe, which are mapped to scores of 1, 0, and
0.5, respectively. The final score is computed by
averaging across questions. In the weighted vari-
ant Vw used in this paper, question weights are
derived from professional translator ratings. We re-
port LiTransProQA on LitEval as a literary-focused
auxiliary evaluator complementary to XCOMET-
QE.

G Temperature Sensitivity Analysis

We examine the sensitivity of STEINS to three
temperature parameters: the optimizer decoding
temperature Topt, the rewrite-selection softmax
temperature τ , and the translation decoding tem-
perature Ttrans. We vary one parameter at a
time while fixing the others to the default setting
(Topt, τ, Ttrans) = (0.0, 0.1, 0.0); diagnosis and re-
view temperatures remain zero throughout. Each
condition is repeated three times.

Table 10 reports online adaptation results under
Origin initialization on LITEVAL-CORPUS en-zh.
XCOMET-QE selects the best translation over at
most 20 adaptation rounds, while reference-based
XCOMET evaluates the selected output without
participating in search. The rewrite-selection tem-
perature has only a modest effect, with τ = 0.1–

Setting XCOMET↑ XCOMET-QE↑
Optimizer temperature τ=0.1, Ttrans=0.0
0.0† 76.02±0.92 74.41±1.29
0.4 76.86±0.84 75.09±0.44
0.8 76.09±1.27 74.19±0.68
Rewrite-selection temperature Topt=0.0, Ttrans=0.0
0.01 75.64±0.12 74.03±1.13
0.1† 76.02±0.92 74.41±1.29
1.0 75.95±1.18 73.25±0.34
Translation temperature Topt=0.0, τ=0.1
0.0† 76.02±0.92 74.41±1.29
0.4 75.72±0.82 73.49±1.69
0.8 74.59±1.14 72.48±1.84

Table 11: Temperature ablation for offline training on
WMT23 en–zh (CoT mode, Qwen3-8B-FP8, 170 train /
30 test sentences, 20 epochs). For each run the reported
epoch is selected by the train criterion (highest train
XCOMET; ties broken by the earliest epoch); values are
test XCOMET and XCOMET-QE at that epoch, ×100,
mean±std over three seeds. †: shared control run.

Method XCOMET-QE XCOMET

Zero-shot 72.96 75.56
Few-shot (3-shot) 71.50 (-1.46) 74.93 (-0.63)
Self-refine (3 iter.) 74.08 (+1.12) 76.53 (+0.97)
Original Single 73.10 (+0.14) 76.16 (+0.60)
STEINS Single 79.08 (+6.12) 79.15 (+3.59)

Table 12: Comparison of translation quality across meth-
ods. Values in parentheses indicate improvements over
the zero-shot baseline.

0.3 performing similarly. Optimizer temperature is
also relatively insensitive over the tested range. In
contrast, translation temperature shows the clearest
trend: increasing Ttrans from 0.0 to 0.8 improves
XCOMET-QE from 57.03 to 59.52 and XCOMET
from 57.74 to 59.71. Under a maximum budget of
20 adaptation rounds, greater translation diversity
therefore appears beneficial for best-of-round se-
lection. Among the evaluated values, Ttrans = 0.8
performs best.

Table 11 reports the corresponding offline sen-
sitivity analysis on WMT23 en-zh (170 train /
30 test split). A moderate optimizer tempera-
ture of Topt = 0.4 performs best, reaching 76.86
XCOMET, whereas varying τ provides no clear im-
provement over the default τ = 0.1. Unlike online
adaptation, increasing translation temperature de-
grades offline performance: Ttrans = 0.8 reduces
XCOMET from 76.02 to 74.59 and XCOMET-QE
from 74.41 to 72.48. Overall, the results suggest
a phase-dependent trade-off: stochastic translation
benefits online best-of-round exploration, whereas
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offline corpus-level evolution favors more stable
translation outputs.

H Additional Baseline Comparisons

We further compare STEINS with few-shot prompt-
ing and iterative self-refinement on WMT23 en–zh
using Qwen3-8B-FP8. For a controlled compar-
ison, we use the single-agent setting, since both
few-shot prompting and self-refinement operate
without multi-agent coordination.

Few-shot prompting performs slightly below
the zero-shot baseline, while three-step self-
refinement yields modest improvements of +1.12
XCOMET-QE and +0.97 XCOMET. In compar-
ison, STEINS Single improves over zero-shot by
+6.12 XCOMET-QE and +3.59 XCOMET on the
same test set. These approaches are also comple-
mentary: few-shot or self-refinement prompts can
in principle serve as the initial specification for
subsequent STEINS adaptation. The results here
isolate the effect of applying STEINS from the orig-
inal single-agent specification.

I Supplementary Experiment Results

This section provides supplementary experimental
results for online instance-level adaptation. Ta-
bles 14, 15, 16, and 17 report full per-setting re-
sults across datasets and initializations; Table 18
reports paired significance tests; Table 19 reports
pairwise policy differences between Softmax and
Sequential.

J AI Assistance Usage

We used AI-assisted tools, including ChatGPT2,
and Claude3, to support code development and writ-
ing refinement (in accordance with ACL Policy on
AI Writing Assistance).

2https://chatgpt.com
3https://claude.ai
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SOFTMAX PARENT SELECTION — ROUND 3

A Concrete  Search Trace

S0 Starting Specification

S1 f1 = 0.5939

S2

f2 = 0.5692

S3

S4

f4 = 0.5729

S5

f5 = 0.6392

···
Round2 creates S2;  Round3 selects historical S1 

and creates sibling S3.

fᵢ = credit at creation   qᵣ = measured quality

f0 = 0.0

EXECUTION: S1​ → S2 ​→ S3 |     REWRITE TREE: S1​ → {S2​, S3​}

PARENT SAMPLING
𝑓! = 0.5939,!" 𝑓" = 0.5692 ⇒ 𝑃 𝑠! = 0.5615,!" 𝑃 𝑠" = 0.4385 

SAMPLED PARENT
RANDOM DRAW: 𝑢 = 0.1020 ⇒ 𝑠! selected

In five minutes more the cloud of bewilderment dissolved: I knew quite well that I was in
my own bed, and that the red glare was the nursery fire. It was night: a candle burnt on
the table; Bessie stood at the bed-foot with a basin in her hand, and a gentleman sat in
a chair near my pillow, leaning over me.

SOURCE SENTENCE

ROUND 1 EXECUTE S0 
Translation 再过五分钟，那困惑的迷雾便消散了：我清楚地知道自己躺在自己的床上，那红
色的光芒是 nursery 的火光。是夜晚，桌上点着一支蜡烛；贝西站在床边，手里拿着一个盆子，
一位绅士坐在床边的椅子上，俯身朝我这边。

DIAGNOSE
# No salient errors detected
OPTIMIZER
# No general constraints are introduced
• Ensure faithfulness to the source’s meaning and tone.
• Check terminology & stylistic consistency.
GENERATE S1
f₁ ← q1 =  0.5939

ROUND 2 EXECUTE S1 
Translation 再过五分钟，那困惑的迷雾便消散了：我清楚地知道自己躺在自己的床上，那红
色的光芒是 nursery 的火光。是夜晚，桌上点着一支蜡烛；贝西站在床边，手里拿着一个盆子，
一位绅士坐在靠近我枕头的椅子上，俯身朝我这边倾身。

DIAGNOSE
• “nursery 的火光” English/Chinese mix · mistranslation, minor error
• “俯身…倾身” Translation Redundant · fluency, minor error
OPTIMIZER
• Avoid redundancy; natural Chinese phrasing (e.g., ‘leaning over’).
• Specific Chinese equivalent for ‘nursery fire’ (育儿室/育婴室的火光).

GENERATE S1
f2 ← q2 =  0.5692

ROUND 3 EXECUTE S2 
Translation 再过五分钟，那困惑的迷雾便消散了：我清楚地知道自己躺在自己的床
上，那红色的光芒是育婴室的火光。是夜晚，桌上燃着一支蜡烛；贝西站在床边，手
里拿着一个盆子，一位绅士则坐在床边的椅子上，俯身朝我这边倾身。

# Notice
• “育婴室的火光” nursery issue fixed
• “俯身…倾身”redundancy still present

q₃ = 0.6392  

τ = 0.1 · β = 0.5 · c₁ = c₂ = 0 

S0  INITIAL INSTRUCTION 
You are a translation expert.
[FIXED] Translate the following text from ##src_lng## to ##tgt_lng##: “##source##”.
##context## Strictly return JSON: {“thinking”, “translation”} [/FIXED]
You are a careful human translation expert: first form a full understanding of the
sentence, then produce a clean final translation. Before writing, briefly reason
internally about:
• what the sentence is doing (statement / instruction / warning / contrast / definition)
• key entities, numbers, technical terms must stay exact
• ambiguous parts (pronouns, tense/aspect, negation scope, modifiers) — resolve

using context
• style & register (formal/informal), kept consistent
Then write the final translation in one pass, fluent and faithful, with no extra text.

Create Sibling  s₁ → s₃,  f₃ ← q₃ = 0.6392

Figure 4: An end-to-end online adaptation search example for an English-Chinese instance. Round 2 executes s1,
yielding q(s1) = 0.5692; the diagnosis identifies an inaccurate rendering of "nursery fire" and redundant phrasing,
and the optimizer creates s2 with search credit f2 ← q(s1). Round 3 executes s2, yielding q(s2) = 0.6392, after
which softmax rewrite selection samples the historical node s1 with P (s1) = 0.5615. Using the Round 3 diagnostic
evidence, the optimizer rewrites s1 to create the sibling child s3, assigning f3 ← q(s2) as its search credit for
subsequent archive sampling rather than as an independent evaluation of s3. Here ci counts prior selections of si by
the softmax policy and is initialized to zero, hence c1 = c2 = 0 at the first nontrivial softmax selection.

Mode R=1 R=3 R=5 R=7 R=9 R=11 R=13 R=15 R=17 R=19 R=20 ∆(R20−R1)

single 73.10 76.23 77.53 78.30 78.67 78.85 78.89 78.99 78.99 79.07 79.08 +5.99
CoT 72.76 76.61 77.91 78.37 78.75 79.04 79.16 79.24 79.33 79.33 79.33 +6.57
fixed 74.93 77.94 78.99 79.45 79.56 79.60 79.65 79.67 79.68 79.71 79.72 +4.79
MAD 71.50 74.34 75.39 75.79 76.03 76.20 76.25 76.29 76.35 76.37 76.37 +4.87

Table 13: Best-so-far XCOMET-QE (×100) across online adaptation rounds (en-zh, Qwen3-8B-FP8), averaged
over 200 held-out sentences. Sentences that converge before round 20 hold their final value.
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Sequential Softmax

Mode Lang XCOMET XCOMET-QE GEMBA XCOMET XCOMET-QE GEMBA

Qwen3-8B

CoT
en-zh 79.08 (+3.84) 79.33 (+6.57) 87.28 (+0.12) 80.01 (+4.73) 80.47 (+7.71) 87.58 (+0.42)

en-de 80.02 (+3.50) 81.34 (+5.19) 82.53 (+1.95) 80.71 (+4.16) 82.03 (+5.92) 82.83 (+2.35)

de-en 87.54 (+1.73) 89.63 (+1.89) 86.97 (+0.40) 87.53 (+1.72) 89.73 (+2.00) 87.15 (+0.68)

Single
en-zh 79.15 (+2.99) 79.08 (+5.99) 87.53 (+0.30) 80.03 (+3.87) 80.04 (+6.97) 87.53 (+0.25)

en-de 80.37 (+3.68) 81.31 (+5.14) 82.92 (+2.38) 80.22 (+3.56) 81.76 (+5.67) 82.78 (+2.25)

de-en 87.84 (+1.40) 89.83 (+1.48) 87.00 (+0.58) 87.59 (+1.15) 89.99 (+1.63) 87.25 (+0.75)

Fixed
en-zh 79.57 (+2.97) 79.72 (+4.79) 87.30 (+0.47) 80.30 (+3.57) 80.56 (+5.48) 87.53 (+0.55)

en-de 80.37 (+2.59) 81.48 (+3.67) 83.05 (+1.10) 80.60 (+2.99) 81.81 (+4.10) 82.95 (+0.90)

de-en 87.85 (+0.84) 89.62 (+1.10) 87.40 (-0.05) 88.14 (+0.98) 89.95 (+1.46) 87.45 (-0.10)

MAD
en-zh 77.73 (+2.79) 76.37 (+4.87) 87.61 (+0.25) 78.17 (+3.09) 77.36 (+5.76) 87.79 (+0.43)

en-de 79.91 (+3.20) 80.74 (+4.35) 82.37 (+0.63) 79.77 (+3.03) 80.94 (+4.52) 82.50 (+0.73)

de-en 86.94 (+0.58) 88.68 (+1.10) 87.35 (+0.48) 86.91 (+0.54) 88.73 (+1.10) 87.06 (+0.13)

GPT-4o-mini

CoT
en-zh 76.80 (+3.82) 76.54 (+6.23) 87.70 (+0.23) 78.42 (+2.72) 76.11 (+4.22) 88.22 (+0.12)

en-de 82.73 (+1.33) 82.88 (+1.91) 85.75 (+0.30) 83.03 (+1.54) 82.99 (+2.00) 85.72 (+0.20)

de-en 88.47 (+0.61) 89.75 (+0.95) 88.15 (-0.02) 88.53 (+0.74) 89.82 (+1.05) 88.40 (+0.38)

Single
en-zh 77.59 (+2.27) 75.54 (+4.50) 87.95 (+0.17) 78.38 (+3.11) 76.29 (+5.57) 88.28 (+0.43)

en-de 82.63 (+1.36) 82.72 (+2.27) 85.70 (+0.43) 83.19 (+2.14) 82.96 (+2.54) 85.67 (+0.45)

de-en 88.59 (+0.80) 89.80 (+1.04) 88.17 (-0.03) 88.64 (+0.84) 89.84 (+1.09) 88.60 (+0.47)

Fixed
en-zh 79.57 (+2.22) 77.85 (+3.84) 88.17 (+0.30) 79.97 (+2.70) 78.19 (+4.51) 88.15 (+0.15)

en-de 83.79 (+1.19) 84.32 (+1.93) 85.93 (+0.23) 84.03 (+1.13) 84.34 (+2.05) 85.90 (+0.18)

de-en 88.77 (+0.78) 90.14 (+1.33) 88.67 (-0.03) 88.73 (+0.69) 90.25 (+1.48) 88.70 (+0.10)

MAD
en-zh 78.69 (+2.19) 76.90 (+4.55) 88.33 (+0.10) 78.46 (+2.46) 77.07 (+5.22) 88.35 (+0.15)

en-de 82.69 (+0.76) 83.02 (+1.59) 85.97 (+0.32) 82.69 (+0.91) 83.26 (+2.15) 85.90 (+0.25)

de-en 88.71 (+0.76) 89.96 (+1.34) 88.62 (+0.08) 88.81 (+0.93) 90.11 (+1.34) 88.25 (-0.33)

Table 14: Online instance-level adaptation results on WMT23 (segment-level) under Origin initialization. Each cell
reports the final selected score and its delta relative to the Round 1 baseline.

20997



Sequential Softmax

Mode Lang XCOMET XCOMET-QE GEMBA XCOMET XCOMET-QE GEMBA

Qwen3-8B

CoT
en-zh 79.23 (+3.69) 78.97 (+6.04) 87.33 (-0.05) 80.15 (+4.75) 80.29 (+7.74) 87.70 (+0.40)

en-de 80.16 (+3.61) 81.30 (+5.16) 82.30 (+1.77) 79.21 (+2.77) 80.77 (+4.26) 82.35 (+1.35)

de-en 87.44 (+1.43) 89.60 (+1.84) 87.12 (+0.53) 87.39 (+1.01) 89.94 (+1.50) 87.17 (+0.10)

Single
en-zh 79.33 (+2.67) 78.29 (+4.50) 87.28 (+0.00) 79.02 (+2.26) 78.77 (+5.06) 87.55 (+0.05)

en-de 80.27 (+3.35) 81.11 (+4.72) 82.33 (+1.85) 80.02 (+2.61) 81.07 (+3.58) 82.12 (+1.67)

de-en 87.34 (+0.67) 89.28 (+1.10) 86.95 (+0.15) 86.91 (+0.26) 88.65 (+0.41) 87.17 (+0.05)

Fixed
en-zh 79.47 (+2.82) 79.65 (+4.87) 87.25 (+0.28) 79.73 (+2.93) 79.98 (+4.90) 87.45 (+0.50)

en-de 79.96 (+2.06) 80.43 (+2.91) 82.08 (+0.33) 80.85 (+2.97) 82.42 (+4.41) 82.75 (+0.85)

de-en 88.01 (+1.03) 89.73 (+1.24) 87.28 (-0.15) 87.88 (+0.93) 89.81 (+1.64) 87.30 (+0.25)

MAD
en-zh 76.95 (+1.70) 76.02 (+3.12) 87.85 (+0.12) 78.90 (+3.21) 78.68 (+5.46) 87.72 (+0.15)

en-de 79.73 (+1.32) 80.90 (+2.41) 82.83 (+0.84) 80.52 (+2.57) 82.05 (+4.15) 83.07 (+1.24)

de-en 87.48 (+0.83) 89.56 (+0.98) 87.34 (+0.17) 87.40 (+0.72) 89.67 (+1.12) 87.22 (+0.15)

GPT-4o-mini

CoT
en-zh 78.46 (+2.39) 75.61 (+3.66) 88.38 (+0.08) 77.79 (+2.14) 75.35 (+3.62) 88.28 (+0.18)

en-de 83.01 (+1.19) 82.75 (+1.57) 85.47 (-0.10) 82.74 (+1.45) 82.81 (+2.05) 85.83 (+0.20)

de-en 88.09 (+0.38) 89.39 (+0.94) 88.67 (-0.05) 88.49 (+0.65) 89.61 (+0.94) 88.62 (+0.25)

Single
en-zh 77.99 (+2.68) 75.56 (+5.12) 88.08 (+0.35) 77.01 (+1.05) 74.20 (+2.36) 88.17 (+0.33)

en-de 82.25 (+0.47) 82.20 (+1.33) 85.35 (+0.10) 82.72 (+0.60) 82.73 (+1.71) 85.55 (+0.22)

de-en 88.44 (+0.45) 89.41 (+0.78) 88.40 (-0.10) 88.55 (+0.61) 89.55 (+1.07) 88.47 (-0.23)

Fixed
en-zh 79.18 (+1.95) 77.24 (+3.80) 88.17 (+0.00) 79.48 (+3.38) 78.23 (+5.44) 88.17 (+0.33)

en-de 83.98 (+1.11) 84.32 (+1.96) 86.03 (+0.18) 83.96 (+0.93) 84.41 (+2.21) 85.78 (-0.05)

de-en 88.10 (+0.83) 89.60 (+1.29) 88.65 (+0.25) 88.70 (+0.59) 90.11 (+1.47) 88.60 (+0.12)

MAD
en-zh 79.39 (+2.49) 76.88 (+4.32) 88.15 (-0.15) 80.38 (+2.78) 78.46 (+5.25) 88.33 (+0.12)

en-de 83.00 (+0.61) 83.50 (+1.95) 85.60 (+0.10) 83.32 (+1.16) 83.61 (+2.07) 85.42 (-0.17)

de-en 88.43 (+0.78) 89.87 (+1.47) 88.78 (+0.28) 88.61 (+0.47) 89.97 (+1.03) 88.55 (+0.15)

Table 15: Online instance-level adaptation results on WMT23 (segment-level) under Trained initialization. Each
cell reports the final selected score and its delta relative to the Round 1 baseline.
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Sequential Softmax

Mode Lang XCOMET XCOMET-QE Vw XCOMET XCOMET-QE Vw

Qwen3-8B

CoT
en-zh 56.52 (+3.40) 55.88 (+4.96) 4.15 (+0.06) 57.19 (+4.13) 56.31 (+5.58) 4.17 (+0.07)

de-en 50.84 (+1.17) 57.31 (+4.37) 3.84 (-0.05) 52.11 (+2.43) 57.48 (+4.42) 3.90 (+0.02)

en-de 65.11 (+3.62) 69.92 (+5.65) 3.76 (+0.14) 65.52 (+4.39) 70.34 (+6.55) 3.83 (+0.25)

Single
en-zh 57.66 (+3.98) 57.19 (+5.84) 4.15 (+0.03) 58.75 (+5.11) 57.30 (+6.00) 4.16 (+0.04)

de-en 49.93 (+2.65) 56.05 (+5.21) 3.87 (+0.12) 51.01 (+3.85) 56.72 (+5.93) 3.87 (+0.13)

en-de 64.58 (+4.71) 70.02 (+6.02) 3.83 (+0.21) 64.93 (+5.05) 70.12 (+6.11) 3.85 (+0.21)

Fixed
en-zh 58.73 (+4.12) 56.60 (+4.50) 4.16 (+0.05) 59.34 (+4.46) 58.84 (+7.07) 4.18 (+0.09)

de-en 49.94 (+1.42) 55.57 (+3.80) 3.90 (-0.02) 51.58 (+2.86) 56.62 (+4.65) 3.89 (-0.02)

en-de 65.73 (+3.40) 69.68 (+3.38) 3.90 (+0.12) 65.84 (+3.23) 71.10 (+4.66) 3.89 (+0.12)

MAD
en-zh 55.58 (+2.22) 55.28 (+4.57) 4.16 (+0.04) 56.01 (+2.63) 54.97 (+4.10) 4.16 (+0.05)

de-en 47.90 (-0.27) 52.13 (+3.26) 3.78 (-0.02) 48.63 (+0.47) 52.44 (+3.57) 3.82 (+0.02)

en-de 62.53 (+2.87) 69.14 (+4.92) 3.79 (+0.09) 62.80 (+3.32) 69.25 (+5.06) 3.78 (+0.07)

GPT-4o-mini

CoT
en-zh 52.78 (+2.58) 52.25 (+3.85) 4.09 (+0.02) 52.37 (+2.64) 52.91 (+4.53) 4.13 (+0.07)

de-en 51.68 (+1.61) 57.14 (+3.63) 3.90 (+0.05) 52.53 (+1.77) 57.48 (+3.34) 3.90 (+0.03)

en-de 67.82 (+1.45) 71.61 (+2.89) 4.09 (+0.04) 68.24 (+2.58) 71.37 (+2.89) 4.06 (+0.03)

Single
en-zh 55.11 (+5.54) 52.73 (+4.95) 4.14 (+0.13) 54.19 (+3.97) 52.91 (+4.79) 4.16 (+0.10)

de-en 51.81 (+2.62) 56.80 (+3.77) 3.93 (+0.05) 51.20 (+1.93) 57.03 (+4.50) 3.94 (+0.08)

en-de 68.90 (+2.69) 71.61 (+3.82) 4.08 (+0.04) 68.02 (+1.88) 70.96 (+2.69) 4.09 (+0.04)

Fixed
en-zh 56.32 (+3.47) 55.89 (+4.97) 4.18 (+0.04) 56.12 (+3.31) 55.54 (+4.82) 4.16 (+0.03)

de-en 52.03 (+3.50) 58.03 (+6.10) 4.05 (+0.03) 52.52 (+3.96) 57.70 (+5.70) 4.00 (-0.02)

en-de 69.19 (+1.17) 72.40 (+3.90) 4.12 (+0.04) 70.85 (+3.44) 72.50 (+3.27) 4.12 (+0.03)

MAD
en-zh 53.67 (+2.57) 52.99 (+3.30) 4.10 (+0.04) 53.40 (+2.08) 52.49 (+3.19) 4.10 (-0.00)

de-en 50.43 (+1.97) 56.47 (+3.75) 3.94 (+0.02) 50.86 (+2.40) 57.58 (+4.43) 3.93 (-0.02)

en-de 67.36 (+2.07) 70.41 (+2.58) 4.06 (-0.01) 66.23 (+0.88) 70.36 (+1.75) 4.08 (+0.03)

Table 16: Online instance-level adaptation results on LitEval (paragraph-level) under Origin initialization. Each
cell reports the final selected score and its delta relative to the Round 1 baseline.
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Sequential Softmax

Mode Lang XCOMET XCOMET-QE Vw XCOMET XCOMET-QE Vw

CoT
en-zh 55.83 (+3.05) 56.08 (+5.24) 4.14 (+0.05) 57.72 (+4.45) 57.78 (+6.68) 4.16 (+0.07)

de-en 51.67 (+2.07) 57.55 (+4.41) 3.85 (-0.02) 51.58 (+2.11) 57.16 (+4.92) 3.89 (+0.05)

en-de 65.24 (+3.81) 70.38 (+6.19) 3.80 (+0.18) 64.17 (+4.66) 69.33 (+4.91) 3.78 (+0.21)

Single
en-zh 57.13 (+4.59) 56.34 (+6.96) 4.13 (+0.04) 57.63 (+3.99) 57.05 (+5.55) 4.15 (+0.09)

de-en 50.76 (+2.61) 55.89 (+3.84) 3.82 (+0.04) 50.19 (+1.74) 54.92 (+3.07) 3.88 (+0.04)

en-de 64.22 (+3.47) 69.49 (+4.59) 3.82 (+0.15) 64.94 (+2.65) 69.97 (+4.98) 3.77 (+0.09)

Fixed
en-zh 58.57 (+2.46) 57.00 (+3.63) 4.15 (+0.03) 58.54 (+2.72) 58.12 (+5.27) 4.15 (+0.03)

de-en 50.03 (+1.40) 55.60 (+3.87) 3.88 (-0.03) 51.04 (+1.29) 56.17 (+3.77) 3.89 (-0.01)

en-de 64.02 (+0.71) 69.43 (+3.04) 3.85 (+0.07) 65.35 (+2.72) 70.94 (+4.36) 3.88 (+0.10)

MAD
en-zh 56.24 (+2.18) 55.78 (+3.31) 4.17 (+0.00) 57.35 (+3.37) 56.70 (+4.29) 4.15 (-0.02)

de-en 50.30 (+1.45) 55.53 (+2.75) 3.87 (+0.03) 50.81 (+2.46) 56.26 (+4.08) 3.85 (+0.01)

en-de 63.06 (+2.24) 69.18 (+4.20) 3.79 (+0.07) 64.54 (+3.02) 70.02 (+4.78) 3.81 (+0.11)

GPT-4o-mini

CoT
en-zh 53.22 (+2.16) 52.61 (+2.83) 4.10 (+0.04) 53.13 (+2.62) 52.97 (+3.61) 4.09 (+0.03)

de-en 51.53 (+1.13) 56.85 (+3.55) 3.92 (+0.03) 51.83 (+0.69) 56.59 (+3.07) 3.87 (-0.02)

en-de 68.13 (+2.07) 71.48 (+3.80) 4.11 (+0.04) 69.00 (+3.60) 71.57 (+3.36) 4.07 (+0.04)

Single
en-zh 53.00 (+2.95) 52.79 (+4.69) 4.10 (+0.07) 53.30 (+2.80) 52.48 (+4.38) 4.09 (+0.08)

de-en 51.34 (+1.51) 56.11 (+2.13) 3.94 (-0.03) 51.70 (+0.62) 56.62 (+2.64) 3.91 (-0.03)

en-de 69.68 (+3.60) 71.29 (+3.22) 4.04 (-0.04) 68.06 (+2.80) 71.00 (+2.66) 4.08 (-0.02)

Fixed
en-zh 56.04 (+2.64) 54.90 (+4.36) 4.16 (+0.02) 55.71 (+2.16) 54.35 (+3.88) 4.15 (+0.02)

de-en 51.52 (+2.61) 57.15 (+5.74) 4.10 (-0.00) 50.89 (+1.16) 58.02 (+5.66) 3.98 (-0.05)

en-de 69.92 (+2.13) 72.14 (+2.96) 4.05 (+0.01) 70.50 (+2.33) 72.36 (+3.63) 4.10 (+0.01)

MAD
en-zh 53.31 (+1.60) 52.15 (+2.87) 4.12 (+0.04) 54.83 (+2.86) 53.23 (+3.43) 4.15 (+0.06)

de-en 51.41 (+2.31) 56.80 (+4.87) 3.96 (+0.00) 50.84 (+1.91) 56.60 (+3.88) 3.89 (-0.02)

en-de 68.64 (+2.25) 71.85 (+3.82) 4.07 (-0.03) 67.55 (+0.71) 70.78 (+1.65) 4.09 (+0.02)

Table 17: Online instance-level adaptation results on LitEval (paragraph-level) under Trained initialization. Each
cell reports the final selected score and its delta relative to the Round 1 baseline.
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WMT23 Segment

Init Model Policy ∆XCOMET↑ ∆XCOMET-QE↑ ∆GEMBA↑

Origin
Qwen3-8B Sequential +2.51± 1.06 (12/12)∗∗∗ +3.84± 1.88 (12/12) +0.72± 0.72 (11/12)∗∗∗

Softmax +2.78± 1.30 (12/12)∗∗∗ +4.36± 2.19 (12/12) +0.78± 0.73 (11/12)∗∗∗

GPT-4o-mini Sequential +1.41± 0.71 (12/12)∗∗∗ +2.45± 1.34 (12/12) +0.19± 0.17 (9/12)∗∗∗

Softmax +1.66± 0.87 (12/12)∗∗∗ +2.77± 1.58 (12/12) +0.21± 0.21 (11/12)∗∗∗

Trained
Qwen3-8B Sequential +2.10± 1.05 (12/12)∗∗∗ +3.24± 1.69 (12/12) +0.49± 0.64 (9/12)∗∗∗

Softmax +2.25± 1.23 (12/12)∗∗∗ +3.69± 2.05 (12/12) +0.56± 0.54 (12/12)∗∗∗

GPT-4o-mini Sequential +1.28± 0.83 (12/12)∗∗∗ +2.35± 1.40 (12/12) +0.08± 0.16 (7/12)

Softmax +1.32± 0.92 (12/12)∗∗∗ +2.43± 1.48 (12/12) +0.12± 0.17 (9/12)∗

LitEval Paragraph

Init Model Policy ∆XCOMET↑ ∆XCOMET-QE↑ ∆Vw ↑

Origin
Qwen3-8B Sequential +2.77± 1.37 (11/12)∗∗∗ +4.71± 0.87 (12/12) +0.06± 0.07 (9/12)∗∗∗

Softmax +3.49± 1.25 (12/12)∗∗∗ +5.31± 1.02 (12/12) +0.09± 0.08 (11/12)∗∗∗

GPT-4o-mini Sequential +2.60± 1.13 (12/12)∗∗∗ +3.96± 0.92 (12/12) +0.04± 0.03 (11/12)∗∗∗

Softmax +2.57± 0.91 (12/12)∗∗∗ +3.83± 1.09 (12/12) +0.03± 0.04 (9/12)∗∗∗

Trained
Qwen3-8B Sequential +2.50± 1.05 (12/12)∗∗∗ +4.34± 1.20 (12/12) +0.05± 0.06 (10/12)∗∗∗

Softmax +2.93± 0.99 (12/12)∗∗∗ +4.72± 0.88 (12/12) +0.07± 0.06 (10/12)∗∗∗

GPT-4o-mini Sequential +2.25± 0.64 (12/12)∗∗∗ +3.74± 0.99 (12/12) +0.01± 0.03 (8/12)

Softmax +2.02± 0.96 (12/12)∗∗∗ +3.49± 0.95 (12/12) +0.01± 0.04 (7/12)

Table 18: Macro-averaged gains from online instance-level adaptation, measured as improvements of the final
selected output over the Round-1 baseline across 12 settings (4 architectures × 3 language pairs), with paired t-test
significance. ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001. ∆xCOMET-QE, which serves as the optimization signal, is not
significance-tested.

WMT23 Segment

Init Model ∆XCOMET↑ ∆XCOMET-QE↑ ∆GEMBA↑

Origin Qwen3-8B +0.27± 0.39 (7/12) +0.52± 0.36 (12/12) +0.06± 0.21 (7/12)

GPT-4o-mini +0.25± 0.29 (10/12) +0.32± 0.33 (11/12) +0.02± 0.26 (6/12)

Trained Qwen3-8B +0.15± 0.78 (5/12) +0.44± 1.10 (8/12) +0.08± 0.31 (7/12)

GPT-4o-mini +0.04± 0.68 (7/12) +0.09± 0.99 (9/12) +0.04± 0.21 (6/12)

LitEval Paragraph

Init Model ∆XCOMET↑ ∆XCOMET-QE↑ ∆Vw ↑

Origin Qwen3-8B +0.72± 0.45 (11/12) +0.60± 0.75 (11/12) +0.02± 0.03 (10/12)

GPT-4o-mini −0.03± 1.00 (6/12) −0.13± 0.57 (4/12) −0.01± 0.03 (4/12)

Trained Qwen3-8B +0.43± 0.89 (8/12) +0.39± 1.02 (8/12) +0.01± 0.03 (7/12)

GPT-4o-mini −0.22± 0.91 (4/12) −0.25± 0.80 (4/12) +0.00± 0.03 (8/12)

Table 19: Rewrite policy comparison of online adaptation (Softmax − Sequential). Values are mean±std of
per-setting ∆ differences; parentheses show #settings where Softmax outperforms Sequential.

21001



Error Category Subtype Description

Accuracy

Addition Translation includes information not present in the source.
Omission Translation is missing content from the source.
Mistranslation Translation does not accurately represent the source.
Untranslated text Source text has been left untranslated.
Other Any other issues.

Fluency

Punctuation Incorrect punctuation (for locale or style).
Spelling Incorrect spelling or capitalization.
Grammar Problems with grammar, other than orthography.
Register Wrong grammatical register (e.g., inappropriately informal pronouns).
Inconsistency Internal inconsistency (not related to terminology).
Character encoding Characters are garbled due to incorrect encoding.
Other Any other issues.

Terminology Inappropriate for context Terminology is non-standard or does not fit context.
Inconsistent use Terminology is used inconsistently.
Other Any other issues.

Style Awkward Translation has stylistic problems.
Other Any other issues.

Other Error – Any other issues.

Source error – An error in the source.

Non-translation – Impossible to reliably characterize distinct errors.

Table 20: MQM error hierarchy used in our diagnosis module.
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