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Abstract

Machine translation systems are periodically
upgraded to stronger models, but the avail-
able preference signal is human post-edits of
an older system’s outputs, which the newer
model may already surpass. Moreover, col-
lecting fresh post-edits for every new model is
prohibitively expensive. We call this the Stale
Preference problem. Standard DPO can fail
in this setting: it may increase the likelihood
of inferior post-edits, erode the model’s exist-
ing quality, and fail to provide the per-token
control needed to correct localized errors. We
introduce StalePO, an objective derived from
three requirements this regime imposes. Like-
lihood movement must be downward on both
responses, the policy must be anchored to its
own base response, and the KL constraint must
apply at the token level. These requirements
are jointly necessary. In ablations, each mech-
anism in isolation leaves the model’s perfor-
mance indistinguishable from the base model,
and only their combination converts stale feed-
back into gains. On English-to-Hindi and
English-to-Turkish localization data, StalePO
improves the fraction of segments passing all
LLM-as-judge MQM quality checks by 14.9
and 4.6 percentage points, respectively, with
gains concentrated on style and fluency. A hu-
man evaluation under the same framework con-
firms these gains on English-to-Hindi, raising
the fraction of segments passing all seven hu-
man checks by 13.8 percentage points.

1 Introduction

Machine translation systems are periodically up-
graded as stronger models become available. Fur-
ther improving such a model requires human feed-
back on its own outputs, yet the available feed-
back consists of human post-edits (MTPE) col-
lected on the outputs of the weaker systems it re-
placed (Berger et al., 2024). Post-editors correct
existing output rather than retranslate from scratch,
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Figure 1: (Top) DPO increases the margin between the
policy’s log-likelihood of the preference pair (y.,, yi)
but does not constrain the direction of either change.
(Bottom) StalePO is designed to encourage lower log-
likelihoods for both ¥, and y; while anchoring the pol-
icy to its own base response ¥y,. The arrows illustrate
this tendency rather than a guaranteed update direction.

and collecting fresh post-edits for every model ver-
sion is prohibitively expensive in pipelines that
serve millions of segments each month. The prefer-
ence data available for training is therefore biased
toward earlier systems. Its preferred responses are
typically inferior overall to what the current model
already produces, yet they remain informative, be-
cause they correct genuine errors along dimensions
on which the current model still underperforms,
such as adherence to a target style guide. We re-
fer to this as the stale preference problem.

Aligning large language models with human
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preferences is now a standard stage in model de-
velopment (Christiano et al., 2017; Ouyang et al.,
2022; Bai et al., 2022). Reinforcement Learn-
ing from Human Feedback (RLHF) introduced the
core pipeline: train a reward model on pairwise
human preferences, then optimize the policy with
Proximal Policy Optimization (Schulman et al.,
2017). Direct Preference Optimization (DPO;
Rafailov et al., 2023) reparameterized this objec-
tive as a contrastive loss over preference pairs,
eliminating both explicit reward modeling and on-
line sampling, and its simplicity has made it the
dominant approach for offline alignment. How-
ever, like most offline preference methods, DPO
assumes that the preferred output represents a qual-
ity target the model should approach.

Stale preferences violate this assumption, and
we formalize the setting in Section 2. Apply-
ing DPO in this regime exposes three structural
limitations. It constrains only the relative likeli-
hood change between the two responses in a pref-
erence pair, not the absolute direction of either
(D’Oosterlinck et al., 2025; Pal et al., 2024; Razin
et al., 2024), so it may increase the likelihood of
an inferior post-edit. Its KL penalty operates only
over tokens present in the preference pair, pro-
viding no mechanism to preserve the model’s be-
havior on its own superior generations (Lee et al.,
2024). Its implicit reward aggregates all token po-
sitions into a single divergence term, sacrificing
the per-position control needed to target localized
style errors without disturbing the rest of the se-
quence (Zeng et al., 2024). Section 3 examines
these limitations in detail. Prior work addresses
each in isolation, but no single method resolves all
three, and none was designed for the stale prefer-
ence regime, where all three arise together.

When these three limitations arise concurrently,
DPO is unable to extract a meaningful preference
signal from the preference pairs. As a result, de-
spite deliberately curating the training data to tar-
get dimensions on which the base model under-
performs, standard DPO produces negligible im-
provement over the base model. Avoiding this out-
come requires a single objective that addresses all
three limitations at once, which we introduce as
StalePO (Stale Preference Optimization). Our con-
tributions are as follows:

1. We formalize the stale preference problem in
Section 2, in which the preferred outputs are
inferior overall to the model’s own genera-

tions while still carrying useful signal on the
dimensions where the model underperforms.

2. We propose Stale Preference Optimization
(StalePO), which incorporates three mecha-
nisms: a tendency toward downward like-
lihood movement on both responses, base-
response anchoring via a one-sided penalty,
and per-token KL decomposition.

3. We evaluate on English—Hindi and
English—Turkish localization data, im-
proving the all-pass rate by 14.9pp and
4.6 pp respectively, with an evaluation by
professional translators confirming a 13.8 pp
gain.

4. We show that preference optimization on stale
data is ineffective unless directional control,
anchoring, and token-level constraints are
combined. Each mechanism, considered in
isolation, leaves the model’s performance in-
distinguishable from the base model.

2 The Stale Preference Data Problem

Staleness in preference data largely stems from the
economics of post-editing. A localization pipeline
serving millions of segments per month cannot af-
ford a fresh round of human post-editing each time
the underlying model is replaced, so the preference
data available for fine-tuning was almost always
produced against an earlier system. Because post-
editors edit rather than fully retranslate, their ed-
its stay tied to the lexical and syntactic patterns
of that earlier model. As a result, these post-edits
are typically inferior to the current model’s outputs
on most quality dimensions, while retaining an ad-
vantage on the few dimensions on which the cur-
rent model remains deficient. We formalize this
as follows. Let K be a set of translation qual-
ity dimensions and Q(x,y) the quality of trans-
lation y on dimension k. A preference dataset
D = {(x,yw,y1)} is stale with respect to policy
mg if, for a non-negligible fraction of examples,
there exists a small subset S C K with |S| < |K]|
such that Qx(x,yw) > Qr(z,yp) forall k € S
and Qr(z,yw) < Qr(z,yp) forall k € £\ S,
where y, ~ mg(-|x). Exploiting this dual signal
requires an objective that learns from the prefer-
ence ordering without imitating either response, a
requirement that existing methods do not address.
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3 Background and Related Work

Direct Preference Optimization (DPO)
(Rafailov et al., 2023) optimizes the log-ratio
between preferred and dispreferred outputs via the
objective

Loro (T, Yu, yi;0) = —logo(re(z, yw) — ro(z,u1))

(1)
where o denotes the logistic function and
ro(z,y) = Blog g(zf((:l:/l/“z)) is the implicit reward
defined relative to a frozen reference policy 7er.
While DPO ensures the preferred output receives
higher relative likelihood, it does not control
the absolute direction of either update, so both
likelihoods may rise, both may fall, or they may
move in opposite directions. When the preferred
output is in fact worse than the base model’s
output, this lack of directional control admits
updates that raise the likelihood of an inferior
post-edit, so respecting the preference ordering
does not imply that the resulting policy improves.

Anchored Preference Optimization (APO-
Down) (D’Oosterlinck et al., 2025) directly ad-
dresses this issue by biasing optimization toward
lower likelihoods for both the preferred and dispre-
ferred outputs while preserving preference separa-
tion:

LEaO (2, Y, Y13 0) = 0 (o (T, o))

- 0(7“9(33, yw) - T@(IL‘, yl))
(2)
This reduces the directional ambiguity present
in DPO by discouraging increases in absolute like-
lihood for both elements of the pair, without guar-
anteeing the sign of every update. APO-Down has
two limitations, however. First, without an explicit
anchor to the model’s own behavior, repeated ap-
plication erodes baseline generation quality, since
the model receives no signal to preserve its prior
competence. Second, the objective operates at the
sequence level. In machine translation, many vio-
lations are localized to a small number of tokens
while the majority of the sequence stays the same.
Sequence-level objectives provide no mechanism
to target such positions selectively.

Other Related Work No prior objective is de-
signed for preference data whose preferred re-
sponse is inferior to the policy’s own output. Loss-
function variants such as IPO (Gheshlaghi Azar
et al., 2024), SLiC-HF (Zhao et al., 2023), KTO

(Ethayarajh et al., 2024), NCA (Chen et al., 2024a),
ORPO (Hong et al., 2024), and SimPO (Meng
et al., 2024) modify the training objective or re-
move the reference model entirely, but all con-
tinue to treat y,, as a target to approach, which
is precisely what fails when y,, is worse than the
policy on most dimensions. Online and iterative
methods (Guo et al., 2024; Wu et al., 2025; Chen
et al., 2024b; Calandriello et al., 2024; Liu et al.,
2024) address a different form of staleness, namely
drift between the training distribution and the cur-
rent policy, by refreshing the data during training.
This leaves the present problem untouched, since
regenerating candidates does not improve post-
edits that are inferior by construction, and it addi-
tionally requires online generation or multi-stage
pipelines that are impractical in a high-volume
setting. Token-level credit assignment methods
(Yangetal., 2025; Christopoulou et al., 2025; Zhou
et al., 2025; Yin et al., 2025) show that uniform
token weighting is suboptimal, but they govern
where updates are applied rather than whether the
target should be imitated. Finally, within machine
translation, CPO (Xu et al., 2024) maximizes like-
lihood on winning outputs, an effective strategy
when chosen translations are high-quality but di-
rectly harmful in our setting, while distributionally
robust (Xu et al., 2026) and length-disentangling
(Park et al., 2024) formulations address failure
modes unrelated to stale preferences.

4 Stale Preference Optimization

Stale Preference Optimization (StalePO) addresses
all three limitations within a single objective,
through a directional bias, base-response anchor-
ing, and token-level regularization.

['StalePO = Epref +A- EAnchor (3)

where:

£pref = 0(7:9 (l‘, yw))

4
o 0(7:9(557?;/11;) — fg(at,yl)) (4)
F (y|z)
To(z,y) = B~ <Iog7T9
7I-rcf(y|$) )
+ o - DSquL(«T7 Y, ﬂ-ref”ﬂ'@))
L Anchor = max ((]7 log m) ©6)

Here y;, denotes the model’s own base response
to source z (sampled from the policy before train-
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ing, see Section 5), and Dseqkr is the sequential
forward KL divergence defined in Equation 7, ap-
plied symmetrically to y,, and g; with no stop-
gradient on either side (at =1 this recovers
TDPOL1).

Directional Control The preference term is
designed to bias optimization toward lower
likelihoods for both responses.  Specifically,
o(To(z,yy)) discourages the probability of the
preferred response, while the difference term
—o(Tg(x, yw) — To(x,y;)) favors a larger penalty
on the dispreferred one. This preserves their
relative ordering without requiring an explicit
increase in the preferred likelihood, thereby
avoiding the directional ambiguity present in
DPO.

Base-Response Preservation The anchor term
L Anchor iIMposes a one-sided constraint on . It
activates only when the policy assigns lower like-
lihood to g than the reference model, producing a
gradient that pushes the likelihood back toward the
reference, and contributes nothing otherwise. This
ReLU-gated structure acts as a selective safeguard,
preventing degradation of baseline behavior with-
out interfering with preference optimization (Lee
et al., 2024).

Token-Level Regularization When the prefer-
ence term lowers the likelihood of either response,
neither component above controls where the dis-
placed probability mass goes. Both are computed
from sequence-level log-ratios, which track only
the total log-probability of a complete response.
The policy can therefore satisfy them while con-
centrating each next-token distribution on a few
dominant tokens. Repeated over training, such up-
dates induce token-level mode collapse, eroding
the generation diversity of the base model. To
counter this, we introduce a sequential forward KL
divergence:

DsquL(ZL', Y; 7Tref”7r9) =
T

> Dxe (el y =Dl (-2, 5<1]))

=1
(7)

Following the TDPO1 formulation of Zeng et al.
(2024), this shifts standard DPO from aggregated
token log-ratios to per-token constraints, ensuring
that local deviations do not cancel out across posi-
tions. By applying the forward KL at every step,

the objective also exhibits a mass-covering effect,
discouraging mode collapse of the reference distri-
bution while preserving diversity, in conjunction
with the preference term Lycr, which drives over-
all preference alignment.

5 Experiments

5.1 Evaluation

Our primary evaluation uses a seven-category auto-
mated Multidimensional Quality Metrics (MQM)
framework (Lommel et al., 2014; Freitag et al.,
2021) with LLM-as-Judge (LAJ-MQM)-based
scorers optimized for each dimension: Verity (le-
gality), Design (markup integrity), Terminology
(termbase compliance), Locale Convention (for-
matting and units), Style (company style adher-
ence), Accuracy (additions, omissions, mistransla-
tions), and Fluency (punctuation, grammar). Each
scorer produces a binary pass/fail judgment per
segment. All scorers are implemented with Claude
Sonnet 4.5, a model whose family differs from that
of the GPT-OSS policy under evaluation. This
cross-family setup mitigates the self-preference
bias that can arise when a model judges outputs
sampled from its own family. We define the all-
pass rate as the fraction of segments passing all
seven scorers simultaneously and adopt it as our
primary aggregate metric.

Reference-based metrics are unsuitable in this
regime. A correct conversational transliteration
that diverges from the post-edit improves trans-
lation quality while lowering BLEU and raising
TER, whereas LAJ-MQM scores translations inde-
pendently of the post-edits. To validate the LAJ-
MQM judgments, professional translators anno-
tate a 2,000-segment English—Hindi subset under
the same seven-category taxonomy. The result-
ing pass-rate changes (Table 1) agree with LAJ-
MQM in both direction and concentration, with the
largest gains in Style and Fluency and a small Ac-
curacy regression.

5.2 Setup

Data We begin with a large corpus of post-
edits on English—Hindi and English—Turkish
machine translations produced by previous gen-
erations of NMT systems. For English—Hindi
data, we apply a Kimi K2.5-based classifier
to retain post-edits exhibiting stylistic mod-
ernization (formal—conversational lexical shifts,
passive—active simplification) and punctuation
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Table 1: Performance changes relative to the Base model in percentage points (pp, higher is better). Evaluated
using LLM-as-Judge (LAJ-MQM) pass rates on 5,000-segment test sets for En—Hi and En— Tr, and human MQM
pass rates on a 2,000-segment En—Hi subset (24,446 words). LAJ-MQM values are mean =+ standard deviation
over five independent inference runs of a single training run.

Method Verity  Design Term. Ié(:)c;‘l]e Style Acc. Flu. All-Pass
SFT —1.7+02 —0.8+02 —3.3+04 —0.5+03 2.0+06 1.5+03 12.1+13 1.8+06
DPO —0.1+04 —0.1x03 —0.7+02 —0.5+01 1.0402 —0.3+05 0.7+04 —0.4+13
En — Hi APO-Down —0.1x01  —0.5+04 —1.0203 —0.5+x02 23+13 —12+07 0.2x0s 0.6+04
(LAJ-MQM) TDPO 0.1+03 —0.2+08 —0.3+02 —0.4+02 1.4+09 0.5+0.1 1.8+24 0.5+14
BAPO —0.1+03 —0.1x03 —0.6+03 —0.5+02 12+16 —04+05 09+15 —0.2+08
BAPO-Down —0.2+02 —03+03 —12+04 —0.7x02 154+08 —6.4+12 16.9+18 7.4+08
StalePO —0.5+04 —1.1+03 —2.0+05 —0.6+02 20.9+07 —5.4+01 16.5+09 14.9+04
En — Tr DPO —0.1+05 —0.2+03 —0.3+06 —0.1+0o1 0.7+02 —0.7203 0.4+18 —0.2+13
(LAJ-MQM) StalePO 0.0+02 0.1+03 1.6+03 0.3+02 2.3+11 1.0+0.1 1.3+10 4.6+04
En — Hi StalePO 0.0 0.0 0.8 0.0 15.9 -3.5 37.3 13.8
(Human)

normalization. This yields 24k train / 633 valida-
tion segments, concentrating supervision on style
and fluency. In the notation of Section 2, this fil-
tering retains examples whose advantage subset S
is concentrated on style and fluency, whereas the
unfiltered English—Turkish setting below leaves
S unconstrained. In the absence of ground-truth
style labels, we omit precision/recall and evaluate
filtering via downstream gains (Section 6).

For English—Turkish, we retain all post-edits
without filtering, yielding an unfiltered dataset of
10k train / 598 validation segments, serving as a
complementary setting.

Each training example consists of a source
prompt = (English text augmented with a target-
language style guide and termbase entries), a pre-
ferred response ¥, (human post-edit of the NMT
output), a dispreferred response y; (raw NMT out-
put), and a base response y; (sampled from GPT-
OSS 120B at temperature 1.0, top-p 1.0). We eval-
uate on stratified, temporally disjoint test sets of
5,000 segments per language pair. All results are
reported across the seven MQM categories to cap-
ture cross-dimensional trade-offs.

Model and Training. We fine-tune a 120B-
parameter GPT-OSS model using QLoRA
(Dettmers et al., 2023) adapters on all linear
projection layers. All methods are trained for 4
epochs with early stopping on a single node of
8 NVIDIA A100 GPUs using AdamW, with an
effective batch size of 64, learning rate 3 x 1079,
cosine decay, and LoRA rank » = 8. Hyperparam-
eter configurations and early-stopping checkpoints

for every method are selected exclusively on the
corresponding validation set. The test sets are
used only for final reporting. Every baseline is
tuned independently over its own sweep of 3
and any coefficients specific to that method. At
inference, we decode with temperature 1.0 and
top-p 1.0.

Table 2: Component composition of each method.
Down: downward directional control; Anchor: base-
response anchor; TokenKL: token-level sequential KL;
SFT(y.,): supervised fine-tuning on post-edits.

Method TokenKL

SFT

DPO

TDPO
BAPO
APO-Down
BAPO-Down
StalePO

SFT(yw») Down  Anchor

v

ANENENE

v
v

Baselines and Ablations. Each baseline re-
moves one or more of StalePO’s three components.
SFT fine-tunes the base model on the post-edits
Yy alone, representing the “imitate-the-winner”
strategy and the degenerate case of likelihood-
maximizing MT objectives such as CPO (Xu
et al.,, 2024). DPO (Rafailov et al., 2023) ap-
plies the standard sigmoid objective. APO-Down
(D’Oosterlinck et al., 2025) adds the downward
term only. TDPO (Zeng et al., 2024) adds the
token-level sequential KL. BAPO (Lee et al.,
2024) adds the base anchor. BAPO-Down uses
the downward term with the base anchor, that is,

157



(a) Token-Level KL Coefficient a

204 =&~ All Passed
—o— Style
=@®— Accuracy

151 o Fluency

0.00 0.25 0.50 0.75 1.00
a

A vs. Base (pp)

(b) Anchor Strength A

20 1

15 A

10 A

A vs. Base (pp)
\ *
L

R

(

2.0

<}
1S}
o
13
-
> 5

Figure 2: StalePO hyperparameter sensitivity: pass-rate change vs. base. (a) Token-level KL coefficient o (A=1.0,

r=8). (b) Anchor strength \ (=0.5, r=8).

StalePO without the token-level KL. Table 2 sum-
marizes the composition of each method.

6 Results

On English—Hindi (Table 1), StalePO achieves
an improvement on all-pass rate of 14.9 pp over
the base model under LAJ-MQM. Human MQM
shows a 13.8 pp increase in all-pass rate, confirm-
ing consistent quality gains. These improvements
are mainly driven by Style and Fluency, which in-
crease by 20.9pp and 16.5pp, with correspond-
ing human MQM pass-rate gains of 15.9 pp and
37.3 pp. Other dimensions remain largely stable
(within £1-2pp). Qualitatively, the shift is a
consistent move from formal Sanskrit-derived vo-
cabulary toward the conversational transliterations
mandated by the style guide. The only notable
exception is Accuracy under LAJ-MQM, which
decreases by 5.4pp. This is consistent with the
stale preference formulation. Gains concentrate on
the small subset S of dimensions where the post-
edits genuinely improve on the current model, here
style and fluency. Concretely, the model oversim-
plifies translations where simplification is unwar-
ranted, leading to degradation in the Accuracy di-
mension. A human MQM subcategory breakdown
localizes most of this regression to minor-severity
untranslated spans, while mistranslation and omis-
sion counts remain nearly unchanged.

On English—Turkish, the base model starts
from a substantially stronger baseline, reflecting
fewer style inconsistencies. Despite this stronger
starting point, StalePO further improves perfor-
mance by 4.6 pp. Similar to English—Hindi, gains
are concentrated in Style (+2.3 pp) and Fluency
(+1.3 pp), while other dimensions remain stable or

improve marginally. The gains are smaller and
more diffuse than in the filtered English—Hindi
setting, as expected when S is not concentrated on
a single dimension by construction. This consis-
tency across language pairs suggests that StalePO
generalizes across typologically distinct settings
and varying baseline quality regimes, while naive
DPO fails in both.

6.1 Baseline Ablation

Neither imitating the post-edits nor any single com-
ponent of StalePO improves on the base model. Su-
pervised fine-tuning on the post-edits alone (SFT)
is a particularly informative baseline: despite the
En—Hi training data being explicitly filtered to
concentrate on stylistic modernization, SFT im-
proves Style by only +2.0pp and the all-pass
rate by only +1.8pp, even as it raises Fluency
(+12.1 pp). In other words, directly imitating the
post-edits fails to internalize the very style sig-
nal the data was curated to emphasize, confirming
that the stale post-edits are not a target the model
should imitate.

Methods carrying a single component perform
comparably to the base model. Tuned DPO shifts
the all-pass rate by only —0.4 pp, TDPO by 0.5 pp,
and BAPO by —0.2 pp, indicating that anchoring
or an alternative optimization objective alone does
not convert a stale preference signal into improved
translation quality. Directional control in isolation
is similarly insufficient. APO-Down improves by
only 0.6 pp, and its run diverges further from the
base response distribution than any anchored vari-
ant, consistent with unconstrained downward up-
dates eroding the model’s original response distri-
bution. A plausible explanation is that, without ex-
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Figure 3: Training dynamics across ablation methods. (a) Reward margin. (b) Token-level KL margin (rejected
minus chosen). (¢) Base anchor loss Lapcnor- (d) Gradient norm during early training (first 70 steps).

plicit anchoring, optimization amplifies biases in
sampled outputs and drifts away from the distribu-
tion the model started from.

Introducing a base-response anchor leads to sub-
stantial improvements, with BAPO-Down improv-
ing all-pass by 7.4 pp, alongside gains in Style
(15.4 pp) and Fluency (16.9 pp), though at the cost
of reduced Accuracy (—6.4 pp). Building on this,
StalePO attains the best overall performance of
+14.9 pp, further improving Style (20.9 pp) while
partially recovering Accuracy (—5.4pp). These
gains stem from the per-position divergence con-
straint, which limits updates on already-diverged
tokens and encourages more localized, stable adap-
tations. Overall, the results show that anchoring,
directional guidance, and token-level constraints
are jointly necessary to incorporate preference sig-
nals while maintaining response fidelity.

6.2 Hyperparameter Ablation

We perform an ablation study on two hyperpa-
rameters: the anchor strength A € {0.5,1.0,2.0},
which balances preservation of the model’s
base behavior against learning from the prefer-
ence signal, and the token-level KL coefficient
a € {0.25,0.5,0.75,1.0}, which modulates
per-position divergence attenuation in the sigmoid
saturation regime. We vary each parameter

independently while holding the other fixed: the
« sweep uses A = 1.0, and the A\ sweep uses
a = 0.5. Our main configuration (Table 1) uses
A = 1.0, a = 0.25, which corresponds to the peak
of the o sweep. Figure 2 reports the resulting
change in pass rate relative to the base model.

Effect of «. Asshown in Figure 2(a), the all-pass
rate peaks at o« = 0.25 and decreases for higher val-
ues, though all configurations remain substantially
above the base model.

Effect of \. The anchor’s effect is pronounced
(Figure 2(b)): without it, all metrics remain near
the base model despite the intended directional
bias. Introducing even a modest anchor (A = 0.5)
produces a substantial improvement across all di-
mensions, although the effect plateaus at higher
strengths. This behavior is consistent with the ob-
servation of Lee et al. (2024) that anchoring effec-
tiveness saturates beyond a threshold.

6.3 Training Dynamics

The optimization behavior underlying these out-
comes is visible in the training dynamics. Fig-
ure 3 tracks reward margins, token-level diver-
gences, the base anchor loss, and gradient norms
across methods.
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Directional Signal and Anchor Stability APO-
Down produces larger reward margins than the
DPO variants under stale preferences (Figure 3(a)),
indicating a stronger directional signal, but at the
cost of stability. Without an anchor it diverges
progressively from the base response distribution
throughout training (Figure 3(c)), degrading gen-
eration quality. The anchor resolves this: StalePO
and BAPO-Down both satisfy the constraint within
the first seventy steps and train stably thereafter,
ending two orders of magnitude below the unan-
chored runs on Lapchor- Sigmoid DPO methods
drift moderately without the anchor but do not col-
lapse, consistent with their inherently more conser-
vative gradient dynamics.

Asymmetric Divergence Among the anchored
directional variants, StalePO maintains a slightly
larger late-training KL margin than BAPO-Down
(Figure 3(b)), indicating stronger relative diver-
gence along rejected trajectories. Their gradient
norms begin at a comparable scale, but BAPO-
Down’s declines faster while StalePO retains a
learning signal through early training (Figure 3(d)).
Together, these patterns are consistent with the
token-level KL sustaining asymmetric adaptation
after the anchor has stabilized.

7 Conclusion

This work formalizes the stale preference problem
in machine translation and proposes StalePO, an
objective derived from the constraints of this set-
ting. StalePO improves the proportion of error-
free segments by 14.9 pp on English—Hindi and
4.6 pp on English— Turkish, with the largest gains
in style adherence and fluency, and a human MQM
evaluation corroborates the English—Hindi result
at 13.8 pp.

Moreover, the stale preference problem is not
specific to machine translation. It arises when-
ever model updates outpace the collection of fresh
preference data. StalePO mitigates this issue by
learning to avoid failure modes in stale preferences
rather than imitating them. Extending this ap-
proach to other domains and to richer, multi-error
preference data is a promising direction for future
work.

Limitations

Our work has a few limitations. First, due to bud-
get constraints, professional human MQM annota-
tion is not feasible at the scale of our test sets, so

our primary evaluation relies on an LLM-as-Judge
MQM framework. We validate it against human
annotators on an English—Hindi subset and use
a cross-family judge to limit self-preference bias,
but our English— Turkish results are not backed by
human evaluation. Relatedly, company policy pre-
vents us from disclosing absolute MQM pass rates,
so all pass-rate results are reported as changes rel-
ative to the base model. Second, StalePO offers
no benefit when the updated model’s outputs are
already better than the post-edits on every dimen-
sion. In this case the advantage subset S is empty
and the preference pair carries no signal to learn
from, so the objective can only preserve existing
behavior rather than improve it. Third, and con-
versely, StalePO is not designed for the standard
setting where the post-edits are uniformly better
than the model, because it biases both responses’
likelihoods downward rather than imitating the pre-
ferred output. When the preferred output is a gen-
uine quality target to approach, methods that imi-
tate the winner are more appropriate.
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A Lexical Bias of Post-Edits Toward the
Legacy NMT System

We quantify the structural bias across the full
English—Hindi training set (24,220 segments) us-
ing Translation Edit Rate (TER). For each seg-
ment, we compute TER(NMT, PE) between the
legacy NMT output and the human post-edit, and
TER(Base, PE) between the GPT-OSS 120B out-
put and the same post-edit. If post-editors pro-
duced translations independent of the NMT output,
both scores should be comparable.

NMT <« Post-Edit Base <> Post-Edit

Mean TER 0.426 0.517
Median TER 0.379 0.500
Segment-level proximity 55.3% 23.7%

Table 3: TER between post-edits and each system on
the En—Hi training set. The remaining 21.0% of seg-
ments are equidistant.

As shown in Table 3, post-edits are substantially
closer to the NMT outputs (mean TER 0.426) than
to the base model outputs (0.517), a difference of
0.091 (paired t = 46.9, p < 0.001). Segment-
level proximity reports the fraction of segments
for which TER(NMT, PE) < TER(Base, PE) and
vice versa. Post-edits are 2.3 x more likely to be
closer to the NMT output than to the base model
(55.3% vs. 23.7%). This confirms that post-editors
correct rather than retranslate: their edits preserve
the lexical scaffolding of the original NMT output.

Reference-based metrics invert quality rank-
ings. This bias propagates to evaluation when
post-edits serve as references. Table 4 reports TER,
COMET, chrF, and BLEU on the 5,000-segment
test set, averaged over 5 runs.

SFT dominates the reference-based metrics, at-
taining the lowest TER and the highest chrF and
BLEU, with BLEU rising 8.4 points above the
base model. This is expected, since SFT is
trained to reproduce the post-edits that serve as

162


https://openreview.net/forum?id=a3PmRgAB5T
https://openreview.net/forum?id=a3PmRgAB5T
https://proceedings.mlr.press/v235/xu24t.html
https://proceedings.mlr.press/v235/xu24t.html
https://proceedings.mlr.press/v235/xu24t.html
https://openreview.net/forum?id=D19hc2XPeZ
https://openreview.net/forum?id=D19hc2XPeZ
https://openreview.net/forum?id=BCKSxOFX85
https://openreview.net/forum?id=BCKSxOFX85
https://openreview.net/forum?id=0qSOodKmJaN
https://openreview.net/forum?id=0qSOodKmJaN
https://doi.org/10.18653/v1/2025.acl-long.1353
https://doi.org/10.18653/v1/2025.acl-long.1353

references here, which makes it close to an up-
per bound on agreement with them. Its all-pass
rate nonetheless improves by only 1.8 pp. DPO
and TDPO also improve on all four metrics, with
TDPO attaining the highest COMET, while leav-
ing the all-pass rate essentially unchanged from
the base model under LAJ-MQM. StalePO and
BAPO-Down, the two methods with the largest
all-pass gains (+14.9 pp and +7.4 pp), are the two
worst on TER, and StalePO is worst of all on
COMET, chrF, and BLEU. This inversion is ex-
pected: methods that produce higher-quality trans-
lations diverge from the NMT-anchored post-edits,
incurring higher edit distances precisely because
they generate superior translations. StalePO’s con-
versational transliterations (e.g., Ge¥ for “enter”)
are penalized relative to the formal post-edit vocab-
ulary (&), even though the transliterated forms are
mandated by the style guide.

Table 4: Reference-based metrics on the En—Hi test
set (5,000 segments), computed against post-edit refer-
ences. Values are mean =+ standard deviation over 5
runs.

Method TER | COMET 1 chrF 1 BLEU 1
Base 51.57+048  83.59+016 55.60+031 37.41+047
SFT 50.18+0.13  83.65+008 59.66+032 45.82+037
DPO 50.35+017  83.83+023  56.35+016 39.07+037
TDPO 50.51+027 83.90+019 56.15+039 38.59+033
APO-Down 50.51 051 83.70+017  56.01+052  38.94+065
BAPO 50.41+025 83.84+015 56.08+023 39.05+034
BAPO-Down 56.79+011  83.10+014  52.34+026 41.04+021
StalePO 53.52+029 82.86+011  52.19+032 36.37+043
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