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Abstract

LLM-based machine translation systems can
now do more than translate a source segment
in isolation. At test time, they can translate
directly, prepend previous context, or refine a
context-aware draft. However, these interven-
tions are not uniformly beneficial. Context can
resolve discourse-sensitive choices, but irrele-
vant context and extra refinement increases cost
and may perturb adequate translations. We in-
troduce CONTEXTROUTER, a lightweight pol-
icy router that learns which intervention to ap-
ply for each source segment. During training,
we first generate candidates for all contextual
interventions and score them with a routing
objective combining overall translation quality
with incurred token costs. We then train our
CONTEXTROUTER with group-relative super-
vision, so it learns within-example preferences
rather than absolute global action scores. At in-
ference, our router uses only test-time-available
signals from the source, previous source-side
context, and a no-context draft to determine
and execute only the selected context interven-
tion. On a filtered context-aware subset of TED,
QED, and OpenSubtitles covering multiple lan-
guages and domains, our CONTEXTROUTER
improves the quality-cost tradeoff over fixed
no-context, always-context, always-refinement,
QE-reranking, and score-regression policies,
and human evaluation confirms that annotators
prefer its chosen interventions. These results
support treating context and refinement actions
in LLM-MT not as always present defaults but
conditional test-time interventions instead.

1 Introduction

Recent LLM-based machine translation (LLM-
MT) is no longer limited to isolated sentence-level
decoding. Given a source segment, the same frozen
generator can either translate directly, translate
with preceding context, or revise a draft transla-
tion (Zhang et al., 2023; Wang et al., 2023). This
flexibility is useful because many translation deci-

Figure 1: Quality–cost frontier on Qwen3.6-27B. The x-
axis shows token cost per example; the y-axis shows chrF++.
CONTEXTROUTER improves quality over fixed no-context
and context-aware translation while remaining cheaper than
always using context.

sions are discourse- or domain-sensitive where ter-
minology, pronouns, lexical cohesion, and speaker
intent may depend on earlier segments rather than
on the current source segment alone (Choudhary
et al., 2025; Bawden et al., 2018; Voita et al., 2019).

However, providing additional context is not a
free input. Longer prompts increase inference cost,
while irrelevant or misleading context can distract
the model or induce fluent but unsupported transla-
tions (Sun et al., 2026; Castilho and Knowles, 2025;
Rikters and Nakazawa, 2024). Self-refinement of
translations has a similar tradeoff. Asking an LLM
to translate again can repair an awkward draft (Feng
et al., 2025; Wu et al., 2025; Chen et al., 2024b),
but it also requires additional calls and may un-
necessarily alter a translation that was already ad-
equate (Gain et al., 2026; Ki and Carpuat, 2024).
Thus, for LLM-MT the practical question is not
whether context or refinement helps on average,
but when each such intervention is worth applying.

We formulate this problem as test-time inter-
vention routing. For each example in MT, the in-
put is a source segment x with preceding source-
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Figure 2: Overview of CONTEXTROUTER at inference. The LLM first produces a NO-CONTEXT draft; the router then uses
semantic and structured signals to choose one contextual intervention: NO-CONTEXT, CONTEXT-AWARE, or CONTEXT-REFINE
and finally only the selected intervention is executed.

side context C = (c1, . . . , ck); the output is one
target-language translation y. A translation inter-
vention specifies how the generator uses x, C, as
well as any intermediate draft. Following previ-
ous work, we consider three contextual interven-
tions: NO-CONTEXT, which translates x directly
without any context; CONTEXT-AWARE, which
translates x with all available previous source-side
context; and CONTEXT-REFINE, which generates
a context-aware draft and then refines it using the
source, context, and draft. Unlike context-aware
MT, which focuses on representing or selecting dis-
course context (Maruf et al., 2019; Castilho and
Knowles, 2025; Choudhary et al., 2025), LLM-MT
prompting work that evaluates fixed pipelines (Vi-
lar et al., 2023; Karpinska and Iyyer, 2023; Koneru
et al., 2024), or model-routing systems that choose
among models under resource constraints (Huang
et al., 2025; Chen et al., 2024a; Luo et al., 2026),
our setup keeps the generator fixed and learns an
instance-level policy over the possible translation
interventions. Therefore at each step the router
decides whether adding context or performing an
additional generation step is worth its cost for the
current source segment.

We introduce CONTEXTROUTER, an offline
group-relative route policy for this setting. Dur-
ing training, each example yields one candidate
translation per contextual intervention, scored with
a routing objective combining overall translation
quality and token cost. Furthermore, taking inspira-
tion from Shao et al. (2024); Garcia Gilabert et al.
(2025), CONTEXTROUTER uses a group-relative
target during training. Instead of training only on
the single best action, candidate rewards are stan-
dardized within each example and converted into
a soft distribution over interventions. This makes
supervision comparable across language pairs and

domains whose reward scales differ widely, while
a non-negligible normalization floor softens the
target when actions are nearly tied, a common sit-
uation when context provides only small instance-
specific gains. Then at test-time, the router ob-
serves only the signals available before generating
any contextual intervention: it first obtains a no-
context draft, extracts semantic signals from a mul-
tilingual embedding model (Zhang et al., 2025) as
well as structured signals (lengths, context size, lan-
guage leak checks, estimated cost), and then selects
the contextual intervention for finally generating
only that output. Note that draft call is included in
the cost. We report standard MT metrics BLEU (Pa-
pineni et al., 2002), chrF++ (Popović, 2017), and
COMET (Rei et al., 2020) alongside the final cost
separately from the routing objective.

We evaluate the router on a filtered context-
aware subset of the following datasets:
TED (Reimers and Gurevych, 2020), Open-
Subtitles (Lison and Tiedemann, 2016), and
QED (Abdelali et al., 2014) covering En→Ja,
En→De, De→En, and Zh→Ja. Figure 1 summa-
rizes the main result across cost and performance.
Fixed no-context translation is cheap but misses
context-dependent gains while fixed context-
aware and refinement policies improve some
reference metrics but spend more tokens and
can reduce deployment utility. Meanwhile, our
CONTEXTROUTER improves both utility and
reference metrics over these fixed policies while
using fewer tokens than always context-aware
translation. Moreover, CONTEXTROUTER-Q,
a quality-oriented variant of the router, obtains
stronger metric scores at higher cost, hinting at a
quality–cost tradeoff rather than a single universal
best policy. Our contributions are twofold:

1. We formulate LLM-MT as a test-time inter-
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vention routing problem and introduce CON-
TEXTROUTER, a group-relative route policy
that learns when each context intervention is
worth applying using only test-time-available
signals.

2. We show that routing improves the quality–
cost tradeoff over fixed contextual policies.
Specifically, a utility-oriented router improves
both deployment utility and standard MT met-
rics, while a quality-oriented variant and ora-
cle analysis reveal the cost tradeoff of pursu-
ing higher reference-metric scores.

2 CONTEXTROUTER: Routing
Translation Interventions

CONTEXTROUTER is an offline routing policy for
deciding when an LLM-MT system should trans-
late directly, use previous source-side context, or
refine a context-aware MT draft. During training,
we generate one candidate translation for each con-
textual intervention and score these candidates with
a routing reward. At inference time, the router sees
only test-time-available information comprising the
current source segment, previous source-side con-
text, target language, and a direct no-context draft.
It then either returns this no-context draft or exe-
cutes a single selected context intervention. The
generator and embedding model remain frozen and
only the route policy is trained.

2.1 Task and Action Space
For each example, let x be the current source seg-
ment, C = (c1, . . . , ck) the preceding source-side
context, ℓ the target language, and r the refer-
ence translation available only during training and
evaluation. The system must output one target-
language translation y. We keep the translation
generator G fixed and define a finite action space
of translation interventions:

A = {NO-CONTEXT, CONTEXT-AWARE,

CONTEXT-REFINE}. (1)

Each action a ∈ A corresponds to a prompting-
and-generation procedure Ga. NO-CONTEXT

translates x directly. CONTEXT-AWARE trans-
lates x with preceding source-side context C.
CONTEXT-REFINE first obtains a context-aware
draft and then asks the same generator to refine
it using x, C, and the draft. During training and
validation, we generate all action candidates,

ya = Ga(x,C, ℓ),

so that route supervision can compare interven-
tions for the same example. At test-time, however,
the router does not generate all candidates, it first
obtains a direct NO-CONTEXT draft and then exe-
cutes only the selected route intervention.

2.2 Routing Objective
We train the router with a routing objective, not a
new MT metric. The objective assigns each can-
didate contextual intervention a reward that com-
bines three crucial quantities: translation quality, to-
ken cost, and failure checks, following the broader
translation-evaluation practice of assessing task-
relevant error types rather than relying only on a
single aggregate score (Lommel et al., 2013; Guer-
reiro et al., 2024). This allows the router to learn
the operating tradeoff faced at test time of when an
action should improve translation quality enough
to justify its additional cost.

Quality. For a candidate ya with reference r, we
define a reference-aware quality score

Qα(ya, r) = αC
ˆ︂COMET(x, ya, r)

+ αF
ˆ︂chrF++(ya, r)

+ αB
ˆ︂BLEU(ya, r).

(2)

where metrics are normalized to comparable
scales. We use COMET (Rei et al., 2020),
chrF++ (Popović, 2017), and BLEU (Papineni
et al., 2002) as standard reference-based MT met-
rics. COMET is used as the dominant semantic
quality signal, while chrF++ and BLEU provide
complementary lexical and surface-form evidence
as prior work has shown that overlap-based metrics
can remain sensitive to deviations even when neu-
ral metrics are stronger overall (Glushkova et al.,
2023).

Failure Risks. Some MT outputs have severe
problems that are not well summarized by average
reference metrics. We therefore subtract a small
penalty as risk for three heuristic validation checks:

Rγ(ya, x, ℓ) = γleakRleak(ya, x)

+ γlenRlen(ya, x)

+ γscriptRscript(ya, ℓ).

(3)

where Rleak flags source-language leakage, Rlen

flags severe length-ratio failures, and Rscript flags
target-script mismatch. These validators are heuris-
tic safeguards rather than a replacement for MT
evaluation with further details given in Appendix C.
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Route cost. Let Texec(a) be the input + output
tokens required to execute action a under its own
prompt template and call sequence. For CONTEXT-
REFINE, this includes both the initial context-aware
draft and later refinement call. Learned router addi-
tionally pays for the no-context draft used to com-
pute routing features. Thus, for a learned router
selecting action a, the routed cost is

Troute(a) = Texec(NO-CONTEXT)

+ I[a ̸= NO-CONTEXT]Texec(a).

(4)

We normalize this cost with

K(a) = min

(︃
Troute(a)

B
, 1

)︃
, (5)

where B is a development-set operating budget.
The cap prevents a small number of very long con-
texts from dominating route training, while raw
tokens are still reported separately in all results.
Fixed policies are charged for the action they actu-
ally execute, whereas learned routers and routing
oracles are charged according to the route-only pro-
tocol in Section 2.5.

The overall utility reward used by CONTEX-
TROUTER is hence

U(ya, a) = [Qα(ya, r)− λK(a)− µRγ(ya, x, ℓ)] .
(6)

The weights α, γ, λ, µ and budget B are selected
on validation data as reported in the Appendix C.
We use U only for router training and model selec-
tion while also reporting the standard MT metrics
and final tokens separately.

2.3 Routing Signals

The router is trained using rewards computed from
references, but at test-time it can only use signals
available before any context intervention is gener-
ated. For each test example, we first generate a
no-context draft

ync = GNO-CONTEXT(x, ℓ).

The router then constructs semantic and structured
routing signals from (x,C, ync).

Semantic routing signals. We compute seman-
tic signals with a frozen multilingual embedding
model E, instantiated as Qwen3-Embedding-0.6B
in our experiments (Zhang et al., 2025). We encode

the current source segment, each previous context
turn, and the no-context draft:

ex = E(x), ei = E(ci), enc = E(ync).
(7)

Following bi-encoder semantic-similarity meth-
ods (Feng et al., 2022; Reimers and Gurevych,
2019), we use cosine similarity to estimate source–
context relevance

ρi = cos(ex, ei). (8)

We then aggregate previous context turns by cosine-
similarity attention

αi =
exp(ρi/τc)∑︁m
j=1 exp(ρj/τc)

, eC =
m∑︂

i=1

αiei,

(9)
where τc is a context-pooling temperature tuned on
development data. The semantic feature vector is

ϕsem(s) =
[︁
ex; eC ; enc; max

i
ρi;

m−1
∑︂

i

ρi; cos(ex, enc)
]︁
.

(10)

This gives our router the semantic content of the
current source, a relevance-weighted representa-
tion of the previous context, as well as a coarse
cross-lingual relation between the source and the
no-context draft.

Structured routing signals. Structured features
include non-embedding information available be-
fore the selected non-direct intervention is gener-
ated such as source length, context length, number
of previous context turns, script ratios, lexical and
named-entity overlap, estimated prompt tokens and
call counts for each intervention, and no-context
draft information such as output length, source-
language leakage, severe length-ratio failure, and
script mismatch. We exclude corpus/domain iden-
tifiers and generator identity features to reduce
dataset- or model-specific shortcuts. We denote
the structured action feature vector by ϕstruct(s, a),
it includes both segment-level signals as well as
action-level estimates such as the token cost of in-
tervention a.

2.4 Group-Relative Route Learning
CONTEXTROUTER is a routing policy over transla-
tion interventions. For state s = (x,C, ync, ℓ) and
action a, we construct

z(s, a) = [ϕsem(s);ϕstruct(s, a); onehot(a)].
(11)
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A small multilayer perceptron maps this vector
to an action score for an intervention,

hθ(s, a) = fθ(z(s, a)). (12)

and the route policy is the softmax over actions:

πθ(a | s) = exp(hθ(s, a))∑︁
a′∈A exp(hθ(s, a′))

. (13)

In our main experiments, fθ is a MLP with hid-
den sizes 512 and 128. We use a small MLP
because routing depends on interactions among
semantic context relevance, structured validators,
and test-time cost (Ong et al., 2025; Shazeer et al.,
2017). For example, relevant context may be useful
when the direct draft is uncertain, but unnecessary
when the draft is already clean and the context ac-
tion is expensive. Further details are reported in
Appendix D.

For each training example, we have one re-
ward ra for every action. For CONTEXTROUTER,
ra = U(ya, a), where U is the routing utility from
Section 2.2. We also train CONTEXTROUTER-Q,
a quality-oriented variant that uses a quality-heavy
reward with targeted risk penalties but no default
token-cost penalty.

Furthermore rather than training on only the sin-
gle best action, we standardize rewards within each
example’s candidate group:

Aa =
ra − µr

σr + ϵ
, µr =

1

|A|
∑︂

a′∈A
ra′ . (14)

Here σr is the within-example reward standard de-
viation and ϵ is a scale floor. The resulting advan-
tage Aa asks which intervention is preferable for
this source segment and context, with supervision
strength that is comparable across language pairs
and domains, while genuinely near-tied groups re-
ceive softened targets.

We convert these advantages into a soft route
target:

q(a | s) = exp(Aa/τ)∑︁
a′∈A exp(Aa′/τ)

, (15)

where τ controls target sharpness. Low τ ap-
proaches a hard winner-take-all label while higher
τ preserves uncertainty when actions are all nearly
tied.

The router is trained with cross-entropy to the
group-relative target and a KL regularizer:

L = −
∑︂

a∈A
q(a | s) log πθ(a | s)

+ βKLKL (πθ(· | s) ∥πref(·)) .
(16)

where πref is uniform over valid actions. With a
uniform reference, the KL term discourages over-
confident routing unless the group-relative target
provides strong evidence for a particular contextual
intervention.

The objective is listwise within each example as
it asks which intervention is best for the current
source segment and context, rather than predicting
absolute reward on a global scale. This is useful
for contextual intervention routing because context
and refinement often yield small, instance-specific
tradeoffs rather than universally superior outputs.
Although this is related to preference optimization,
and GRPO-style reward normalization (Ramesh
et al., 2024; Rafailov et al., 2023), unlike previous
work, we do not update the translation model. The
generator and embedding model remain frozen and
only the small route policy is trained.

2.5 Route-Only at test and Cost Accounting
At test-time, CONTEXTROUTER follows a route-
only protocol. First, the system generates a no-
context draft ync. Second, it extracts semantic and
structured routing signals. Finally, it chooses the
action for intervention

â = argmax
a∈A

πθ(a | x,C, ync, ℓ). (17)

If â = NO-CONTEXT, the no-context draft is re-
turned as is. Otherwise, the system generates only
the selected context intervention and returns that
output.

For any generation procedure, the raw token cost
is the sum of input and output tokens across all
required model calls:

T (a) =
∑︂

j∈calls(a)

(︁
T in
j + T out

j

)︁
. (18)

For CONTEXTROUTER, test-time cost includes the
initial no-context call used for routing:

Tdeploy(â) = T draft
NO-CONTEXT

+ I[â ̸= NO-CONTEXT]T (â).

(19)

Calls at test-time are counted analogously. This
accounting prevents the router from receiving a
free no-context draft and prevents evaluation from
assuming access to non-existing action outputs. Or-
acle policies, meanwhile, are evaluated separately
as upper bounds for routing. They select the best
action after all candidates have been generated and
scored with references.
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3 Experimental Setup

Our experiments test whether instance-level contex-
tual intervention routing improves the quality–cost
tradeoff for LLM-MT. We compare our learned
CONTEXTROUTER against fixed intervention poli-
cies, a score-regression router, as well as upper-
bound oracle policies. All systems use the same
ordered source-side context, action definitions,
prompt templates, decoding settings, and raw token
accounting as discussed in Section 2.

3.1 Evaluation Data

We evaluate on a filtered ordered-context subset of
publicly available datasets TED, QED, and Open-
Subtitles. Filtering retains examples with recover-
able previous source-side context and removes mal-
formed instances. Appendix A covers the full con-
struction procedure and corpus-by-direction split.
Our final evaluation set contains 10,000 context-
applicable examples across four directions: En→Ja,
En→De, De→En, and Zh→Ja. Each example has
previous source-side context from the same ordered
unit, such as a talk, video, document, or subtitle
group. TED provides cleaner talk/document con-
text, QED provides educational subtitle context,
while OpenSubtitles provides noisier real-life dia-
logue subtitle context. We cap the previous context
window at k = 5 segments.

3.2 Models

Our main generator is Qwen3.6-27B (Qwen Team,
2026), served locally with vLLM (Kwon et al.,
2023). We use Qwen3.6 for the full routing pipeline
from generating the training candidates, scoring
oracle candidates, training route policies, and eval-
uating the router at test-time. To test whether the
learned routing behavior is tied to this generator,
we additionally evaluate a Gemma4-31B-IT (Team
et al., 2026) for transferability. The routing pol-
icy trained on Qwen candidates is transferred to
Gemma4 using the same action intervention defini-
tions and test-time constraints. Neither generator
is fine-tuned.

All actions use fixed prompt templates and de-
coding settings. The main action space is the three-
intervention set from Section 2.1: NO-CONTEXT,
CONTEXT-AWARE, and CONTEXT-REFINE. Exact
prompts and model decoding parameters are given
in Appendix B.

3.3 Baselines, Oracles, and Learned Routers

Fixed policies. Fixed policies always choose
one fixed contextual intervention: NO-CONTEXT,
CONTEXT-AWARE, or CONTEXT-REFINE. They
test whether no-context direct translation, always
using context, or always refining is a good uncon-
ditional test-time routing strategy.

SCOREREG. SCOREREG tests whether routing
can be solved by absolute utility prediction. For
each action, it predicts that action’s deployment
reward from the same available routing signals and
selects the action with simply the highest predicted
reward. Unlike CONTEXTROUTER, it does not
train on within-example relative preferences among
interventions.

QE-RERANK. QE-RERANK tests whether the
routing problem can instead be solved by generat-
ing multiple candidates and selecting among them
with a QE model. QE-RERANK-2 generates
the NO-CONTEXT and CONTEXT-AWARE
outputs and returns the candidate with the higher
COMET-Kiwi (Rei et al., 2022) score. QE-
RERANK-3 additionally generates CONTEXT-
REFINE and selects among all three.

Oracles. Oracle policies are evaluated as an up-
per bound for our routing strategies. They select
the best action after all candidate translations have
been generated and scored with references. We re-
port them only to measure remaining routing head-
room.

CONTEXTROUTER. CONTEXTROUTER is our
proposed router from Section 2, trained and se-
lected by routing utility. We also train and compare
another variant, CONTEXTROUTER-Q, which uses
the same model and features but is selected with
the quality-oriented reward described in Section 2.
It is included as an analysis variant showing how
routing changes when reference-metric gains are
prioritized over token cost.

3.4 Evaluation Metrics

Learned routers are evaluated with the route-only
protocol from Section 2. For each test example,
the system first generates a no-context draft, ex-
tracts the routing signals, selects one intervention,
and returns either the draft or the selected con-
textual intervention output. We report the utility
reward from Section 2 as a routing objective, but
not as a standalone MT metric. Each result also
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reports standard reference-based MT metrics in-
cluding COMET, chrF++, and BLEU as well as
token cost. Fixed policies are charged for the calls
they actually execute while CONTEXTROUTER is
charged for the direct no-context draft plus any
selected intervention.

4 Results and Analysis

We test whether our CONTEXTROUTER with its rel-
evant contextual interventions improves the quality–
cost tradeoff for LLM-MT over fixed and reranking
baselines. Section 4.1 covers the main router evalu-
ation results, Section 4.2 explains the quality–cost
frontier and role of refinement, Section 4.3 eval-
uates transferability to other models, Section 4.4
studies the effect of various routing signals, and
Section 4.5 ends with a small scale human evalua-
tion that further verifies the router’s interventions.

4.1 Routing improves over fixed policy
baselines in every language direction

Table 1 reports router evaluation on Qwen3.6-
27B. Compared with NO-CONTEXT, CONTEX-
TROUTER raises utility score from 58.18 to 59.05,
chrF++ from 35.02 to 37.18, and COMET from
80.80 to 81.68. Compared with fixed CONTEXT-
AWARE translation, it improves all quality metrics
while reducing test-time tokens from 112.0 to 85.9
per example. Thus, the router does not merely save
tokens, it selects context and refinement as inter-
ventions when they are expected to improve the
output enough to justify their cost.

The fixed policies show why unconditional con-
text use is insufficient. CONTEXT-AWARE im-
proves chrF++ and COMET over NO-CONTEXT,
but lowers utility and more than doubles token cost.
CONTEXT-REFINE improves some reference met-
rics further, but is substantially more expensive and
has even lower utility. SCOREREG, which predicts
each action’s absolute utility independently, gives
only a small improvement over NO-CONTEXT sug-
gesting that routing signals are useful, but that
within-example relative supervision is a better fit
for choosing among interventions.

Table 1 also compares against QE reranking.
Both rerankers improve reference metrics over their
underlying fixed policies, confirming that selection
among candidates helps. However, generating ev-
ery candidate before selecting is expensive as QE-
RERANK-2 spends 158.1 tokens per example and
QE-RERANK-3 spends 293.8. As a result, CON-

TEXTROUTER surpasses both rerankers on every
metric, with QE-RERANK-2 trailing at 1.8x the to-
kens, and QE-RERANK-3 gaining only marginally
over CONTEXT-REFINE at 3.4x cost. One plausi-
ble explanation is that segment-level QE does not
observe the preceding context and therefore may
not reward discourse-motivated deviations.

The language-pair breakdown shows that the
aggregate result is not driven by a single direc-
tion. CONTEXTROUTER improves utility over
both NO-CONTEXT and CONTEXT-AWARE for
De→En, En→De, En→Ja, and Zh→Ja, and im-
proves chrF++ in all four directions. The change is
largest for the German directions, while Japanese-
target directions remain harder because many subti-
tle references are short or compressed. The quality
variant, CONTEXTROUTER-Q occupies a differ-
ent operating point. It obtains the strongest test-
time reference-metric scores in Table 1, but spends
142.4 tokens per example and has lower utility than
the main router. This is the intended behavior as
removing the default token-cost penalty makes the
policy more willing to pay for context and refine-
ment. We therefore treat CONTEXTROUTER as the
default routing policy and CONTEXTROUTER-Q
as a quality-seeking variation.

4.2 Routing reveals when context is worth
using

Figure 1 visualizes the overall quality–cost fron-
tier. Fixed NO-CONTEXT translation is cheap
but misses context-dependent improvements, while
unconditional CONTEXT-AWARE and CONTEXT-
REFINE spend many more tokens. Our CON-
TEXTROUTER moves upward from NO-CONTEXT

and remains left of fixed CONTEXT-AWARE.
CONTEXTROUTER-Q moves further upward but
also rightward, showing that stronger raw metrics
require additional computation.

Action distributions in Figure 3 explain this
curve where utility-oriented policies are conser-
vative but not anti-context. Oracle-U, the upper
bound for utility routing, selects NO-CONTEXT for
74% of examples, CONTEXT-AWARE for 24%, and
CONTEXT-REFINE for 2%. CONTEXTROUTER

closely tracks this pattern (72%, 25%, and 3%).
Under the quality-oriented objective, both learned
and oracle policies invoke interventions more often
with CONTEXTROUTER-Q selecting CONTEXT-
AWARE for 49% and CONTEXT-REFINE for 10%
of examples suggesting that context and refine-
ment are often useful, but their value is instance-
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chrF++ ↑ All

System All De→En En→De En→Ja Zh→Ja Utility ↑ BLEU ↑ COMET ↑ Tok. ↓
NO-CONTEXT 35.02 56.98 52.31 14.54 10.56 58.18 20.89 80.80 46.1

CONTEXT-AWARE 35.77 57.72 53.23 15.31 11.00 57.10 21.93 81.03 112.0
CONTEXT-REFINE 36.18 58.22 53.75 15.62 11.28 55.45 22.28 81.27 247.7
SCOREREG 35.42 57.37 52.80 14.96 10.80 58.19 21.38 80.95 60.5
QE-RERANK-2 35.94 58.33 53.63 15.08 10.86 56.53 21.72 81.30 158.1
QE-RERANK-3 36.20 58.70 54.00 15.23 10.95 55.82 21.95 81.45 293.8

CONTEXTROUTER 37.18 60.52 55.54 15.58 11.15 59.05 22.95 81.68 85.9
CONTEXTROUTER-Q 37.67 60.61 55.63 16.56 11.85 57.91 23.34 81.82 142.4

Oracle-U 37.27 60.45 55.48 15.72 11.35 59.35 23.39 81.87 80.8
Oracle-Q 37.69 60.65 55.68 16.58 11.88 58.76 23.67 81.62 119.8

Table 1: Quality–cost results on Qwen3.6-27B. chrF++ is shown overall and by language pair; utility, BLEU, COMET, and input-
plus-output tokens are aggregated over all pairs. CONTEXTROUTER is the best utility-oriented routing policy, improving quality
over fixed NO-CONTEXT and CONTEXT-AWARE while remaining cheaper than always using context. CONTEXTROUTER-Q is a
quality-oriented variant that spends more tokens for stronger reference-metric scores. QE-RERANK selects among generated
candidates by COMETKiwi, improving over the fixed policies it selects from but at substantially higher token cost. Oracle rows
are upper bounds.

Figure 3: Action distributions on the Qwen test split. Utility-
oriented policies are no-context-heavy, while quality-oriented
policies invoke context and refinement more often.

dependent. Note that rarity of CONTEXT-REFINE

reflects its sparse payoff rather than a redundant
action space as refinement improves the context-
aware output in only 7.7% of cases, but with a
large conditional gain. A two-action ablation (Ap-
pendix K.2) confirms that refinement’s incremen-
tal value concentrates at quality-oriented operating
points.

Qualitative examples in Table 2 reflects our
router behavior. Context helps when it resolves
discourse-dependent references, but it can also
introduce unsupported lexical or gender shifts.
Refinement can fix literal drafts, but the utility-
oriented router invokes it rarely due to higher cost.

4.3 Routing policy transfers

Table 4 tests whether the learned routing behav-
ior is specific to the generator model, Qwen3.6-
27B. We apply the Qwen-trained route policy to
Gemma4-31B without fine-tuning the generator
and find the same qualitative pattern. The fixed
CONTEXT-AWARE and CONTEXT-REFINE poli-
cies improve some reference metrics over NO-
CONTEXT, but reduce test-time utility because of
their token cost. Meanwhile, transferred CONTEX-
TROUTER improves over Gemma NO-CONTEXT

on utility, chrF++, BLEU, and COMET, while us-

Phenom. Example Routing

Context
helps

Zh→Ja: ctx: 在，我要你
取个名字. . . src: 皮曹！
No-ctx transliterates asピノ
・ツァオ; ctx recovers the
conventional Japaneseピノ
キオ (Pinocchio).

Both routers
select CONTEXT-
AWARE; dis-
course resolves
the entity.

Context
hurts

En→De: ctx: “Mr.
Franzis. . . Mr. Alan is
dead. . . murdered!” src:

“The somnambulist’s
prophecy. . . ?”
No-ctx: des Somnam-
bulen (correct); ctx: der
Schlafwandlerin (shifts
gender without support).

CONTEXTROUTER
selects NO-
CONTEXT;
avoids the unsup-
ported shift.

Context-
Refine
helps

En→De: src: “That’s the
thing.”
Draft: Das ist die Sache (lit-
eral); refine: Das ist der
Punkt (idiomatic).

CR routes to
CONTEXT-
REFINE spar-
ingly (3% of
examples).

U vs. Q
trade-off

En→De: src: “Global Fund
for Women in San Fran-
cisco.”
No-ctx: Globaler Fonds für
Frauen (translates name);
ctx: preserves the English
name, matching reference.

CR: NO-
CONTEXT
(cheaper); CR-
Q: CONTEXT-
AWARE (surface
match).

Table 2: Representative routing examples from the test set.
Each row illustrates a routing phenomenon: when context
helps or hurts, when refinement is justified, and how utility-
and quality-oriented routers diverge.

ing fewer tokens than fixed CONTEXT-AWARE set-
ting. These results suggest that the router captures
reusable intervention-selection behavior, although
broader transfer tests are left as future work.

4.4 Structured and semantic signals are
complementary

Table 3 ablates the two main routing-signal fami-
lies. The structured-only router uses lengths, costs,
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System Utility ↑ chrF++ ↑ COMET ↑ Tok. ↓
Structured-only 58.42 35.72 81.08 62.3
Semantic-only 58.95 36.95 81.58 91.2

CONTEXTROUTER 59.05 37.18 81.68 85.9

Table 3: Feature ablation on Qwen3.6-27B. Structured-only
routing is cheaper but misses quality gains; semantic-only
routing improves quality but spends more tokens. The full
CONTEXTROUTER combines semantic relevance with struc-
tured cost and draft-risk signals, yielding the best quality–cost
tradeoff.

System Utility ↑ chrF++ ↑ BLEU ↑ COMET ↑
NO-CONTEXT 59.01 36.53 22.21 81.15

CONTEXT-AWARE 57.91 37.28 22.72 81.36
CONTEXT-REFINE 56.25 37.58 23.02 81.58

CONTEXTROUTER 60.06 38.05 23.18 81.82
CONTEXTROUTER-Q 59.12 38.91 24.27 82.42

Oracle-U 60.23 38.91 24.59 82.17
Oracle-Q 59.63 39.40 24.93 81.94

Table 4: Aggregate evaluation scores for cross-model trans-
fer on Gemma4-31B. Routing policies applied without any
generator fine-tuning. CONTEXTROUTER-Q again maximises
reference-metric quality, exceeding the utility-oriented oracle
on chrF++ and BLEU.

script features, and direct no-context draft. It
keeps the token cost low, but misses many qual-
ity improvements. The semantic-only router uses
embedding-based source–context and source–draft
signals. It recovers more quality, but spends
more tokens than the full router because seman-
tic relevance alone does not regulate cost. CON-
TEXTROUTER combines both signal families and
achieves the best score across utility, chrF++, and
COMET. Appendix H further varies the token-cost
penalty and cost-normalization budget.

4.5 Human evaluation of routing decisions

As the automatic reference metrics partially over-
lap with the routing reward, to further support the
results we validate the routing decisions with a
small human evaluation. Annotators judge the
router’s chosen output against the no-context draft
it rejected where the selected output is the context-
aware translation for roughly 97% of routed items
and the refined translation for the remainder, and
annotators never see which action intervention pro-
duced it. The study covers En→De and En→Ja
with three bilingual annotators per direction (six in
total), ternary judgments with explicit ties, order-
randomized and system-blind presentation with the
preceding context displayed, and item labels by
majority vote over 400 pairwise items (1,200 judg-
ments). The routed cell is every test item where the
router intervened, matching the 28% intervention

Direction Cell Agree / Disagree / Tie Split κ

En→De Routed (n = 147) 73 / 29 / 45 72% 0.57
En→Ja Routed (n = 133) 54 / 25 / 54 68% 0.32

En→De Declined (n = 60) 20 / 14 / 26 59% 0.39
En→Ja Declined (n = 60) 14 / 18 / 28 44% 0.39

Table 5: Human evaluation of routing decisions. Annotators
judge the router’s chosen output against the rejected alter-
native, blind to system identity. Agree means the majority
preferred the router’s choice. Decisive split excludes ties.

rate from Section 4.2, and the declined cell samples
items where the router returned the draft, judged
against the context-aware candidate it declined.

Table 5 reports the results. Where the router se-
lected an intervention, annotators prefer its choice
in 72% (En→De) and 68% (En→Ja) of decisive
judgments (p=0.0015). Where the router declined,
we detect no significant preference for the contex-
tual alternative (p ≥ 0.39). For a cost-aware router,
an intervention must beat the draft to justify its
additional cost, so interventions are validated by
preference and declines by the absence of a de-
tectable benefit. Moreover the higher En→Ja tie
rate is consistent with the subtitle compression dis-
cussed in Section 4.1. A complementary discourse
analysis (Appendix J) shows the router intervenes
twice more often on discourse-tagged segments.

5 Conclusion

We studied LLM-based MT as a test-time interven-
tion routing problem. Rather than always translat-
ing directly, always appending context, or refining
a draft, our CONTEXTROUTER learns which inter-
vention to route for each source segment using only
test-time signals. Across ordered-context examples
from established MT corpora, fixed context and
refinement policies improve some reference met-
rics but often incur enough token cost to reduce
overall utility, and generating all candidates for
QE reranking attains quality improvements only at
substantially higher generation cost. In contrast,
our group-relative router CONTEXTROUTER im-
proves the quality–cost tradeoff by invoking con-
text and refinement selectively, and human judg-
ments validate these decisions as annotators prefer
the router’s chosen output where it intervenes and
show no detectable preference for the context it de-
clines. The quality-oriented router and oracle anal-
yses further show that raw metric improvements
and utility favor different operating points. Overall,
context and refinement are better treated as condi-
tional test-time interventions for LLM-MT, not as
default choices.
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Limitations

This work studies when LLM-based MT systems
should use context and self-refinement, but several
limitations remain.

Our human evaluation is targeted rather than
comprehensive. It validates the router’s escalate-
versus-stop decisions on two directions (En→De
and En→Ja) with 400 pairwise items and six
annotators. Broader human studies, spanning
more directions, professional evaluators, and error-
typology annotation such as MQM, remain future
work, and automatic reference metrics still cannot
fully capture discourse adequacy, register, subtitle
compression, or all acceptable translation variants.

The routing utility is necessarily a scalarization
of several desiderata including reference-backed
quality, applicable constraints, token cost, and tar-
geted risks. Different deployment settings may
prefer different tradeoffs. We address this partly
through reporting individual metrics separately, but
the chosen default utility still reflects one operat-
ing preference rather than a universal definition of
translation quality.

Our evaluation covers a filtered subset of TED,
QED, and OpenSubtitles across four translation
directions using only preceding source-side con-
text. This controlled setting may not generalize to
technical, legal, medical, literary, or low-resource
scenarios. Future work should explore richer docu-
ment context, target-side history, longer windows,
additional languages, and more diverse domains.

CONTEXTROUTER and all tested models may
behave differently across domains or language
pairs. The router can also make harmful errors such
as selecting misleading context, skipping necessary
context, or invoking unnecessary refinement. Al-
though we evaluate transfer to a second generator,
broader testing is needed before claiming model-
agnostic routing.

Finally, our action space is limited to NO-
CONTEXT, CONTEXT-AWARE, and CONTEXT-
REFINE. Other interventions such as selected-
context prompting, retrieval-augmented context,
multi-draft reranking, or human-in-the-loop post-
editing may be valuable and are left to future work.

Ethical Considerations

This work follows the ACL Ethics Policy and the
ARR Responsible NLP Research checklist. The
human evaluation in Section 4.5 involved six bilin-
gual annotators (three per direction), as part of an

internal evaluation team made up of members with
native or near native level target-language profi-
ciency and they participated as part of their regular
employment. Annotators judged machine transla-
tion outputs of publicly available corpus text and
no personal or sensitive data was collected beyond
language qualifications. They provided informed
consent, and could withdraw at any time. The eval-
uation suite is constructed from publicly available
OPUS-derived corpora, and any release of data,
code, prompts, or model outputs should respect
the licenses and redistribution conditions of the
underlying corpora and models.

Machine translation systems can have real down-
stream consequences. Incorrect translations may
mislead users, distort meaning, or cause harm in
legal, medical, political, or safety-critical settings.
Our method is intended as a research framework
for studying context and refinement routing, not
as a guarantee of safe or adequate translation. In
particular, the router may still select an inappropri-
ate action, preserve a misleading no-context draft,
overuse context, or underuse context when dis-
course information is required.

The datasets used in this work include subtitles
and public web-derived text, which may contain
offensive language, stereotypes, fictional violence,
sensitive topics, or biased portrayals. LLM gener-
ators may also reproduce or amplify social biases
present in their training data. Routing does not
remove these risks; it may change which risks ap-
pear by changing whether context or refinement is
used. We therefore report validators and qualita-
tive examples, but these should be understood as
partial safeguards rather than comprehensive safety
guarantees.

Finally, there are also resource and accessibil-
ity considerations. Generating multiple candidate
translations for training and oracle analysis requires
nontrivial compute, and two-stage actions increase
inference cost when selected.
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Direction Train Dev Test Total

De→En 1539 512 449 2500
En→De 1457 518 525 2500
En→Ja 1502 523 475 2500
Zh→Ja 1691 433 376 2500

All 6189 1986 1825 10000

Table 6: Train/development/test split by translation di-
rection. Splits are grouped by ordered unit.

Direction Corpus Train Dev Test Total

De→En TED 538 183 179 900
De→En QED 540 183 177 900
De→En OpenSubtitles 461 146 93 700

En→De TED 538 183 179 900
En→De QED 540 183 177 900
En→De OpenSubtitles 379 152 169 700

En→Ja TED 533 185 182 900
En→Ja QED 539 180 181 900
En→Ja OpenSubtitles 430 158 112 700

Zh→Ja TED 701 112 87 900
Zh→Ja QED 540 181 179 900
Zh→Ja OpenSubtitles 450 140 110 700

Table 7: Corpus-by-direction composition. All retained
examples contain previous source-side context.

A Dataset Construction and Splits

We evaluate on a filtered ordered-context subset of
TED, QED, and OpenSubtitles. The subset is used
as a controlled setting for comparing translation
interventions when previous source-side context
is available; it is not intended as a new general-
purpose MT benchmark. All examples are context-
applicable, meaning that at least one preceding
source segment from the same ordered unit can
be recovered. Ordered units correspond to talks,
videos, documents, or subtitle groups, depending
on the corpus.

Prompts include the current source segment and
preceding source-side context only. They never in-
clude target-side context or reference translations.
We cap the previous context window at k = 5
source-side segments. Train, development, and
test splits are grouped by ordered unit so that ad-
jacent segments do not cross splits. For En↔De,
we additionally group reverse directions to avoid
placing the same aligned segment in training for
one direction and testing for the reverse direction.

The split tables are intended to make clear that
the evaluation subset is balanced by translation
direction but still drawn from heterogeneous con-
text conditions. TED examples typically provide
cleaner talk-level context, QED provides educa-
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Step Rule

Ordering recovery Recover ordered units from corpus
metadata: talks, videos, documents,
or subtitle groups.

Context applicability Retain examples with at least one pre-
vious source-side segment from the
same ordered unit.

Context window Use up to k = 5 previous source-side
segments.

Malformed examples Remove empty, missing, or
alignment-corrupted examples.

Split grouping Group by ordered unit; additionally
group reverse En↔De aligned units.

Table 8: Filtering and split construction for the dataset.

tional subtitle context, and OpenSubtitles provides
noisier dialogue-style subtitle context. This hetero-
geneity is useful for routing: a router should not
assume that additional context is always equally
relevant or equally safe across domains. Table 8
summarizes the preprocessing logic used to con-
struct the subset.

The filtering rules are deliberately conservative.
The goal is not to maximize corpus size, but to
ensure that each retained example supports a con-
trolled comparison between no-context translation,
context-aware translation, and context-aware re-
finement. In particular, grouping by ordered unit
prevents adjacent context windows from being split
across train, development, and test partitions.

B Prompts and Generation Settings

All systems use the same prompt template for a
given intervention. Fixed policies, learned routers,
and oracle candidates differ only in which interven-
tion output is selected. The prompts below show
the intended structure.

NO-CONTEXT.

Instruction: Translate the following source seg-
ment into <TARGET_LANGUAGE>. Return only the
translation.
Source: <SOURCE_SEGMENT>

CONTEXT-AWARE.

Instruction: Translate the current source seg-
ment into <TARGET_LANGUAGE> using the previ-
ous source-side context only when it is helpful.
Return only the translation.
Previous context:
<C_1>
...
<C_k>
Current source: <SOURCE_SEGMENT>

CONTEXT-REFINE.

Instruction: Refine the draft translation into
<TARGET_LANGUAGE> using the source segment
and previous source-side context. Preserve mean-
ing and return only the final translation.
Previous context:
<C_1>
...
<C_k>
Current source: <SOURCE_SEGMENT>
Draft translation: <CONTEXT_AWARE_DRAFT>

The three templates differ only in the informa-
tion made available to the same frozen generator.
This design isolates the intervention decision such
that improvements from CONTEXTROUTER should
come from choosing among interventions, not from
using different prompt styles across systems. For
CONTEXT-REFINE, the draft is the context-aware
draft produced by the first stage of the same inter-
vention. The No-Context draft used by the router
is separate and is counted in deployment cost when
learned routers are evaluated. We used the Hug-
gingFace Transformers library (Wolf et al., 2020)
along with vllm (Kwon et al., 2023) to run the
models locally. We ran the model inference on
two NVIDIA A6000 GPUs. The maximum output
length was set to 1024 tokens, using the default
parameters provided.

All fixed policies, learned routers, and oracle
policies are evaluated with outputs produced un-
der these same generation settings. Oracles differ
only in selection: they select after all candidates
have been generated and reference-scored, and are
therefore non-deployable upper bounds rather than
inference-time systems.

C Routing Objective, Metrics, and
Validators

The objective is used to construct route supervision
and to select checkpoints on development data. It
is not a new general-purpose MT metric. The main
tables therefore report utility, standard reference
metrics, and token cost separately.

The coefficients for the quality, cost, and targeted
risk term are selected on the validation set. The
details are summarized in Table 9.

The capped token-cost penalty is

K(a) = min

(︃
Troute(a)

200
, 1

)︃
, (20)

where Troute(a) is the input-plus-output token cost
of action a under its prompt template and call se-
quence. Combining the above, the reported utility

37177



Component Value Notes

COMET weight 0.45 Dominant semantic
metric component.

chrF++ weight 0.25 Character/word
surface-form compo-
nent.

BLEU weight 0.10 N-gram surface-
overlap component.

Cost penalty λ 0.05 Default deployment op-
erating point.

Risk penalty scale µ 0.10 Applied to weighted
validator risk R.

Cost denominator B 200 Token-cost cap denom-
inator.

Leakage weight γleak 0.70 High-precision source-
language leakage in the
target flag.

Length weight γlength 0.20 Severe length-ratio fail-
ure flag between the
source and target.

Script weight γscript 0.10 Target and source script
mismatch flag.

Table 9: Routing utility settings used for route supervi-
sion and checkpoint selection.

is

Ureport(ya, a) = [Q(ya, r)− λK(a)− µR(ya, x, ℓ)] .
(21)

A factor of 100 is used for table readability.
This objective should be read as an operating

point. It encodes the preference that a deployable
router should improve translation quality while
avoiding unnecessary token cost and severe out-
put failures. It is not intended to rank arbitrary MT
systems outside this setting. For that reason, the
main paper and appendix always report standard
metrics and tokens separately from utility.

The risk validators (R) are intentionally narrow.
They are used to discourage catastrophic outputs
such as untranslated source fragments or wrong-
script output, but they do not attempt to model all
adequacy, fluency, or discourse errors.

D Router Features and Training Details

This section expands the routing-signal description
from Section 2 of the main paper. The key con-
straint is the use of features at test. The router may
use the current source segment, previous source-
side context, the no-context draft, and quantities
derived from them, but it may not use references,
metric scores, oracle labels, or outputs from ac-
tions that have not been generated. The feature-
availability distinction is central to the evaluation
protocol. Candidate outputs for all actions are gen-

Component Setting

Embedding model Qwen3-Embedding-0.6B, frozen
Route scorer MLP over action features
Hidden sizes 512, 128
Learning rate 3e-4
ϵ 0.5
τc selected from {0.05, 0.1, 0.2, 0.5}
τ selected from {0.5, 0.75, 1.0, 1.5}
βKL selected from {0, 0.01, 0.03, 0.05, 0.10}

Table 10: Router architecture and optimization settings.

erated during training and oracle analysis, but at
inference time a learned router only sees test-time
signals. This prevents the route policy from becom-
ing a reranker over already generated translations.

The semantic features are meant to estimate
whether the available context is relevant to the
current segment and whether the no-context draft
appears semantically compatible with the source.
The structured features capture complementary evi-
dence: length, script, No-Context-draft diagnostics,
and estimated action cost. We exclude corpus, do-
main, and generator identifiers so that the policy is
encouraged to learn from instance-level evidence
rather than memorizing dataset or model priors.

The MLP size is kept small relative to the frozen
generator and embedding model. Its role is to
model interactions among semantic relevance, No-
Context-draft diagnostics, and cost estimates, not
to introduce a high-capacity translation model. Hy-
perparameters are selected on the development
split: CONTEXTROUTER by development utility
and CONTEXTROUTER-Q by the quality-oriented
development reward.

E Full Qwen Results

Table 11 provides the Qwen3.6-27B route-only re-
sults underlying the compact main-paper presenta-
tion. To emphasize the quantities used in the analy-
sis, we report utility, standard reference metrics,
COMETKiwi (Unbabel/wmt22-cometkiwi-da),
and deployed tokens. Action distributions are visu-
alized separately in Appendix F. Throughout this
appendix Tok. denotes deployed input-plus-output
tokens per example.

The aggregate appendix table confirms the main-
paper pattern. Under the default deployment
utility, CONTEXTROUTER is the best deploy-
able policy: it improves utility over the fixed
policies and SCOREREG, while using fewer to-
kens than fixed CONTEXT-AWARE translation. In
contrast, CONTEXTROUTER-Q pushes chrF++,
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Figure 4: Stacked action distributions on the
Qwen test split. Utility-oriented policies, CON-
TEXTROUTER, and Oracle-U, are conservative and
choose NO-CONTEXT most often. Quality-oriented
policies, CONTEXTROUTER-Q and Oracle-Q, invoke
CONTEXT-AWARE and CONTEXT-REFINE more fre-
quently. Counts are shown inside large segments.

BLEU, and COMET higher, but it does so at
substantially higher token cost and lower util-
ity. This supports the interpretation that CON-
TEXTROUTER is the default deployment policy,
whereas CONTEXTROUTER-Q is a quality-seeking
frontier point.

The language-pair table shows that the aggre-
gate gains are not caused by a single direction.
CONTEXTROUTER improves utility over both NO-
CONTEXT and CONTEXT-AWARE for all four di-
rections. The metric gains are largest for the
German directions, while the Japanese-target di-
rections remain more sensitive to reference omis-
sions and shorter subtitle-style segments. The
COMETKiwi column is included as an additional
reference-free diagnostic; its behavior is not always
identical to reference-based COMET, which rein-
forces the main paper’s decision to report multiple
quality views rather than a single score.

F Oracle Headroom and Action
Distributions

Action distributions make the quality–cost tradeoff
more interpretable. A router that improves metrics
by invoking context on nearly every example is
different from one that uses context only when its
expected gain justifies its cost. Figure 4 visualizes
the action distributions of the learned policies and
oracles on the Qwen test split.

The utility-oriented policies are conservative as
both CONTEXTROUTER and Oracle-U choose NO-
CONTEXT for most examples, while still using
context or refinement for a substantial minority.
In contrast, CONTEXTROUTER-Q and Oracle-Q
invoke contextual interventions much more often.
This explains why CONTEXTROUTER-Q obtains
stronger reference metrics but pays more tokens
and has lower deployment utility.

Figure 5 breaks the oracle distributions down by

language pair and domain group. This helps show
where routing headroom comes from: the utility or-
acle remains No-Context-heavy even when context
is available, while the quality-oriented oracle uses
context and refinement more aggressively.

The subgroup breakdown shows the same qual-
itative pattern throughout the test set. Oracle-U
chooses NO-CONTEXT most often in every lan-
guage pair and domain group, indicating that con-
text is useful but not universally worth its cost.
Oracle-Q is consistently more intervention-heavy,
especially in the Japanese-target and talk-style
groups, where quality-oriented scoring finds more
cases in which extra context or refinement can im-
prove reference metrics.

G Gemma Transfer Results

Table 12 provides the full aggregate transfer results
on Gemma4-31B in the same compact format as
the Qwen appendix tables.

The transfer results repeat the Qwen pattern.
Fixed context and refinement improve some ref-
erence metrics but reduce deployment utility
because of their cost. Transferred CONTEX-
TROUTER improves utility and reference metrics
over the Gemma NO-CONTEXT baseline while
remaining cheaper than fixed CONTEXT-AWARE.
CONTEXTROUTER-Q again behaves as a quality-
seeking operating point: it spends more tokens to
obtain stronger raw metrics.

The consistent direction of the aggregate result
suggests reusable intervention-selection behavior,
while broader transfer tests across additional gener-
ators remain future work.

H Sensitivity Analysis

The utility is an operating point rather than a uni-
versal MT quality metric. We therefore vary the
token-cost weight λcost, the validator-risk scale µ,
and the cost-normalization denominator d in Equa-
tion 5 to test whether the main qualitative conclu-
sions depend on one narrow scalarization.

Figure 6 shows that the overall ranking of meth-
ods is stable, but the margin between them depends
predictably on the deployment objective. As λcost

increases, the utility of context-heavy fixed policies
drops sharply, especially for CONTEXT-REFINE,
while NO-CONTEXT becomes more competitive.
Increasing the denominator d softens this effect by
reducing the penalty assigned to expensive actions.
Across the grid, CONTEXTROUTER remains close
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LP System Utility ↑ chrF++ ↑ BLEU ↑ COMET ↑ COMETKiwi ↑ Tok. ↓
De→En NO-CONTEXT 70.21 56.98 34.62 86.67 83.50 55.26
De→En CONTEXT-AWARE 68.96 57.72 35.85 86.90 83.50 128.1
De→En CONTEXTROUTER 71.13 60.52 38.45 87.98 83.38 84.88
De→En CONTEXTROUTER-Q 69.91 60.61 39.07 86.87 83.67 115.7

En→De NO-CONTEXT 66.86 52.31 28.84 84.94 84.03 53.61
En→De CONTEXT-AWARE 65.64 53.23 30.37 85.04 83.68 126.8
En→De CONTEXTROUTER 68.08 55.54 31.99 86.28 83.94 85.01
En→De CONTEXTROUTER-Q 66.47 55.63 32.54 86.64 83.86 116.6

En→Ja NO-CONTEXT 48.83 14.54 10.49 78.07 85.60 41.31
En→Ja CONTEXT-AWARE 47.73 15.31 11.17 78.43 85.18 110.8
En→Ja CONTEXTROUTER 49.50 15.58 10.95 78.28 85.49 67.46
En→Ja CONTEXTROUTER-Q 48.61 16.56 11.16 79.63 85.34 99.12

Zh→Ja NO-CONTEXT 43.54 10.56 6.55 71.45 76.92 30.76
Zh→Ja CONTEXT-AWARE 42.83 11.00 7.11 71.73 76.51 73.74
Zh→Ja CONTEXTROUTER 44.08 11.15 6.87 71.63 76.88 48.35
Zh→Ja CONTEXTROUTER-Q 43.36 11.85 7.11 71.83 76.58 69.12

Table 11: Qwen3.6-27B route-only results by language pair.

Figure 5: Oracle action distributions by language pair and domain group. Oracle-U remains conservative, while
Oracle-Q increases both CONTEXT-AWARE and CONTEXT-REFINE usage across groups. Subtitles denote Open-
Subtitles and QED-like subtitle conditions; talks denote TED-like talk conditions.

to the oracle and consistently outperforms the fixed
deployable policies.

The effect of the validator-risk scale µ is com-
paratively modest. This is expected because se-
vere validator-triggering failures are rare in the cur-
rent test set, so most of the deployment tradeoff
is driven by reference-backed quality and token
cost. The highlighted panel corresponds to the
paper setting. At this operating point, CONTEX-
TROUTER achieves the highest deployable utility,
while quality-oriented routing would move toward
a different point on the frontier.

Overall, the sensitivity analysis supports inter-
preting utility as a tunable deployment preference
rather than a universal metric. When cost is pe-
nalized more strongly, No-Context-heavy policies

become preferable; when cost is penalized less
strongly, context-aware actions become more at-
tractive. The central qualitative conclusion remains
unchanged: context and refinement are useful, but
they should be invoked selectively.

I Human Evaluation details

This section documents the human evaluation re-
ported in Section 4.5.

Samples Each sample is a pair consisting of the
output CONTEXTROUTER returned and the alter-
native it rejected. For the routed cells we take a
census of every test item where the router selected
a contextual intervention (En→De n = 147 of 525;
En→Ja n = 133 of 475), pairing the router’s out-
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System Utility ↑ chrF++ ↑ BLEU ↑ COMET ↑ COMETKiwi ↑ Tok. ↓
NO-CONTEXT 59.01 36.53 22.21 81.15 82.71 46.19
CONTEXT-AWARE 57.91 37.28 22.72 81.36 82.62 111.6
CONTEXT-REFINE 56.25 37.58 23.02 81.58 82.72 246.5
Transferred CONTEXTROUTER 60.06 38.05 23.18 81.82 82.68 77.95
Transferred CONTEXTROUTER-Q 59.12 38.91 24.27 82.42 82.62 165.1

Oracle-U 60.23 38.91 24.59 82.17 82.86 81.82
Oracle-Q 59.63 39.40 24.93 81.94 82.75 120.1

Table 12: Aggregate Gemma4-31B transfer results.

LP System Utility ↑ chrF++ ↑ BLEU ↑ COMET ↑ COMETKiwi ↑ Tok. ↓
De→En Transferred CONTEXTROUTER 71.44 58.87 36.45 86.95 83.51 83.14
De→En Transferred CONTEXTROUTER-Q 70.26 59.99 38.56 87.99 83.47 172.8

En→De Transferred CONTEXTROUTER 68.89 55.65 31.95 85.55 83.89 80.49
En→De Transferred CONTEXTROUTER-Q 67.38 56.26 33.01 86.47 83.95 168.3

En→Ja Transferred CONTEXTROUTER 49.86 16.53 11.36 78.98 85.36 61.98
En→Ja Transferred CONTEXTROUTER-Q 48.95 17.48 12.11 79.30 85.18 149.1

Zh→Ja Transferred CONTEXTROUTER 44.72 12.52 8.02 71.78 76.63 46.11
Zh→Ja Transferred CONTEXTROUTER-Q 43.74 13.23 8.64 72.06 76.53 99.24

Table 13: Gemma4-31B transfer results by language pair for the learned routers.

put with the no-context draft it rejected. For the
declined cells we sample 60 items per direction
where the router returned the no-context draft, pair-
ing it with the context-aware candidate the router
declined. This candidate was already generated
during training and oracle scoring, so no additional
generation was required.

Annotators Six annotators from an internal eval-
uation team participated, three per direction, with
native or near-native proficiency in the target lan-
guage and reading competence in the source lan-
guage. A pilot of 10 items preceded the main task
so that annotators could raise questions about the
interface and the instructions.

Interface For each item, annotators saw the pre-
ceding source-side context (up to k = 5 segments,
the same context available to the router), the current
source segment, and the two candidate translations
labeled only as A and B. System identity was hid-
den and the left-right order was randomized per
item, so annotators could not infer which output
came from which intervention. Judgments were
ternary, with an explicit tie option, and annotators
were clearly told that ties were an acceptable and
expected outcome. Context was displayed on each
turn.

Instructions Annotators received the following
instructions:

You will see a short passage of preceding

context, one current sentence to be trans-
lated, and two candidate translations of
that current sentence, labeled A and B.

Judge only the translation of the current
sentence. The context is provided to help
you decide whether a translation is ap-
propriate in this discourse; do not judge
how the context itself was translated.

Choose the translation you would prefer
to receive as a reader of the target lan-
guage, considering accuracy of meaning,
appropriateness in the given context (for
example pronouns, named entities, termi-
nology, politeness level), and fluency. If
the two translations differ but neither is
clearly better, select Tie. Ties are a valid
answer.

The two candidates were produced by
automatic systems. Their order is ran-
domized, and neither position indicates
a preferred system.

Options: A is better / B is better / Tie

J Discourse Phenomenon Analysis

To test whether interventions align with discourse
phenomena, we also tag the En→Ja test set (n =
475) with MuDA (Fernandes et al., 2023), whose
taggers for this pair cover pronouns, lexical cohe-
sion, and honorific formality (Table 14). The router
intervenes 2.2x more often on tagged than untagged
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MuDA bucket n CR intervenes ∆chrF (CtxAware–No-CTx) Tag F1, No-Context→Context-Aware→CONTEXTROUTER

pronoun 62 50% +2.3 48.7→58.3→55.4
lexical cohesion 71 46% +1.9 61.5→66.8→65.0
formality 181 34% +1.1 69.8→73.4→72.2

any tag 247 38% +1.4 —
no tag 228 17% +0.1 —

Table 14: MuDA discourse analysis on En→Ja. The router intervenes far more often on discourse-tagged segments, and
per-phenomenon intervention rates track the measured context gain.

System Utility ↑ chrF++ ↑ BLEU ↑ COMET ↑ Tok. ↓ Action mix

Structured-only 58.42 35.72 21.52 81.08 62.30 No-Context:1545, ctx:258, refine:22
Semantic-only 58.95 36.95 22.72 81.58 91.20 No-Context:1260, ctx:510, refine:55

CONTEXTROUTER 59.05 37.18 22.95 81.68 85.90 No-Context:1314, ctx:465, refine:46

Table 15: Ablation results on Qwen3.6-27B.

segments and the utility oracle shows the same im-
provement (about 36% vs 15%), indicating that
the router recovers structure rather than imposing a
preference. The per-phenomenon intervention rate
shows the improvement as pronoun > cohesion >
formality, with formality weakest, consistent with
honorific register being largely resolvable within
the segment.

K Ablations

K.1 Routing Signals

Table 15 studies the contribution of the two main
routing signal families. The structured-only variant
retains cost, length, script, and No-Context-draft di-
agnostics but removes the embedding-based seman-
tic signals. The semantic-only variant retains the
embedding-based routing signals but removes the
structured features that make action cost and No-
Context-draft diagnostics explicit. The full CON-
TEXTROUTER combines both.

The ablation results support a complementary
view of the two feature families. The structured-
only router is conservative: it chooses NO-
CONTEXT for most examples and keeps token cost
low, but misses many quality gains. The semantic-
only router recovers much more of the quality im-
provement, indicating that embedding-based sig-
nals are important for identifying when previous
context is relevant. However, it also uses more to-
kens than the full router, suggesting that semantic
relevance alone is not sufficient to regulate cost
effectively.

The full CONTEXTROUTER achieves the best
utility and the strongest overall quality–cost trade-
off. Relative to the semantic-only variant, it im-
proves both utility and quality while using fewer

tokens. Relative to the structured-only variant, it
uses more context and refinement, but does so se-
lectively enough to recover substantially stronger
chrF++, BLEU, and COMET. This is consistent
with the design hypothesis in the main paper: se-
mantic signals identify when context is useful,
while structured signals help determine when that
potential gain is worth the deployment cost.

K.2 Two-action ablation and refinement
increment

We retrain CONTEXTROUTER and
CONTEXTROUTER-Q with the action space
restricted to NO-CONTEXT, CONTEXT-AWARE

(5 seeds), and additionally evaluate a masked
variant of the three-action router that never selects
CONTEXT-REFINE. Table 16 reports results.

Per-example, the refinement increment ∆ref =
quality(REFINE) − quality(CONTEXT-AWARE) is
positive in 7.7% of cases with conditional mean
about +4.7; the remaining mass is small, near one-
sided degradation. Among CONTEXTROUTER-Q’s
selected refine cases, 44% have a positive incre-
ment, with conditional mean +2.31 against +0.21.
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System Utility ↑ chrF++ ↑ BLEU ↑ COMET ↑ Tok. ↓
CR 3-action 59.05 37.18 22.95 81.68 85.9
CR 2-action (retrain) 59.06 37.14 22.88 81.65 81.3
CR 2-action (masked) 59.03 37.11 22.85 81.63 80.7

CR-Q 3-action 57.91 37.67 23.34 81.82 142.4
CR-Q 2-action (retrain) 58.07 37.51 23.12 81.74 126.1
CR-Q 2-action (masked) 58.02 37.47 23.06 81.72 124.8

Oracle-U 2-action 59.33 37.22 23.32 81.84 78.1
Oracle-Q 2-action 58.85 37.54 23.45 81.55 108.2

Table 16: Comparison of 3-action and 2-action routing variants.

Figure 6: Utility under different deployment-objective settings. Columns vary the token-cost normalization
denominator d ∈ {100, 200, 400}; rows vary the risk scale µ ∈ {0, 0.05, 0.1, 0.2}; the x-axis varies the token-cost
weight λcost. The shaded panel and starred markers denote the paper setting: d = 200, µ = 0.1, and λcost = 0.05.
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