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Abstract

Traditional research on Continual Machine
Translation (CMT) has long been predicated
on the assumption that catastrophic forgetting
stems from the irreversible erasure of under-
lying linguistic knowledge. In this work, we
challenge this conventional wisdom within the
context of Large Language Models (LLMs).
Through systematic behavioral and represen-
tational analyses, we demonstrate that the
model’s latent knowledge often remains intact,
yet its ability to align this knowledge with in-
structions becomes compromised. We attribute
this "expressive drift" to the ubiquitous Super-
vised Fine-Tuning (SFT) paradigm. By mini-
mizing token-level loss against fixed references,
SFT neglects the inherent plurality of valid
translations for a single source, inadvertently
coercing the model toward narrow external dis-
tributions that conflict with its internal linguis-
tic priors. To rectify this, we advocate for a tran-
sition from SFT to a Reinforcement Learning
(RL) paradigm, which optimizes performance
directly within the model’s own generative dis-
tribution. Our results show that RL signifi-
cantly mitigates forgetting in both translation-
specific and general tasks by preserving the
model’s expressive stability. This work rede-
fines the fundamental challenge of CMT and
positions RL as a more principled approach for
sustainable multilingual alignment in the era of
LLMs.

1 Introduction

Continual Machine Translation (CMT) has long
been studied as a challenging instance of continual
learning (CL) (Wang et al., 2023a), where mod-
els must sequentially adapt to new languages, or
domains without degrading performance on pre-
viously learned ones. Prior research has largely
focused on small neural models (Gu et al., 2021;
Cao et al., 2021; Wu et al., 2024a). With the recent
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emergence of LLM-based MT (Xu et al., 2024), the
challenges have extended beyond the forgetting of
specific translation tasks to include the degradation
of in-context learning capabilities (Stap et al., 2024)
and broader general abilities (Wu et al., 2025).

To mitigate performance degradation, prior stud-
ies have predominantly relied on classical CL ap-
proaches (Stap et al., 2024; Wu et al., 2025). These
approaches typically assume that catastrophic for-
getting equates to the irreversible erasure of under-
lying knowledge(Shi et al., 2026). This perspec-
tive, inherited from scratch-trained small models,
overlooks the LLM paradigm where translation is
framed as instruction alignment atop a pre-trained
backbone (Xu et al., 2024). Consequently, ob-
served forgetting may reflect a misalignment in task
execution rather than a structural erasure of knowl-
edge. However, existing CMT research has yet
to mechanistically distinguish whether this degra-
dation stems from erased knowledge storage or
impaired expressive accessibility.

To resolve this ambiguity, we conduct an em-
pirical study on multilingual CMT with LLMs.
We first observe a "generative-discriminative gap":
while generative performance (e.g., translation,
IFEval) degrades, discriminative benchmarks (e.g.,
ARC-C, TruthfulQA) remain stable. This observa-
tion leads us to hypothesize that forgetting stems
from "expressive drift," defined as a failure to align
intact internal knowledge with external instructions
rather than structural knowledge loss. We verify
this hypothesis through a series of multi-faceted
analyses. First, few-shot prompting effectively re-
covers performance, confirming that latent knowl-
edge remains preserved. Second, layer-wise Cen-
tered Kernel Alignment (CKA)(Kornblith et al.,
2019) and parameter update consistency analysis
reveal that representational drift and gradient con-
flicts are localized in the final layers. These results
demonstrate that core representations remain con-
sistent throughout the continual learning process,



validating that forgetting is primarily a misalign-
ment in the generative interface.

We argue that this phenomenon is closely tied
to the dominant supervised fine-tuning (SFT)
paradigm adopted by most existing continual learn-
ing methods for LLMs. Prior work suggests that
SFT mainly teaches models to conform to a de-
sired style and format, rather than fundamentally
reshaping their underlying knowledge representa-
tions (Li and Kim, 2024). In the context of CMT,
SFT minimizes the forward KL divergence, which
encourages a "mode-covering" behavior by forcing
the model to align with specific human-written ref-
erences. However, translation inherently allows for
multiple semantically valid outputs. These human-
written references often diverge from the model’s
intrinsic linguistic distribution. This relentless co-
ercion to external modes causes a severe but unnec-
essary distributional drift.

To rectify this, we advocate for a transition from
SFT to a Reinforcement Learning (RL) paradigm.
As shown in Figure 1, RL with automatic transla-
tion quality metrics as rewards (Feng et al., 2025)
offers a more principled alternative for adapting
LLMs. Unlike SFT, RL is an on-policy optimiza-
tion process that operates within the model’s own
generative distribution. By minimizing the reverse
KL divergence, RL facilitates a "mode-seeking"
process, encouraging the model to discover and
reinforce high-quality translations that are natu-
rally compatible with its existing expressive pat-
terns (Lai et al., 2025; Shenfeld et al., 2025). This
ensures that the model adapts to new translation
tasks without abandoning the linguistic priors that
govern its learned abilities.

Our experimental results validate this shift in
perspective. RL-based training not only enhances
translation quality on new tasks but also signifi-
cantly curtails forgetting across both previously
learned languages as well as general-purpose rea-
soning capabilities. Together, these findings re-
define the fundamental challenge of CMT in the
era of LLMs: it is less a struggle for knowledge
retention and more a requirement for maintaining
expressive stability. By repositioning RL as a mech-
anism for stable alignment, we provide a new path
forward for sustainable multilingual development
in large-scale generative models.

In summary, this work makes three main contri-
butions:

• we provide the first systematic evaluation of

continual MT in the era of LLMs and a de-
tailed analysis of the forgetting phenomenon;

• we identify expressive drift as the dominant
form of degradation induced by continual MT
training in LLMs, localizing the degradation
to the model’s final layers and attributing it to
the distributional mismatch induced by SFT;

• we demonstrate that RL offers a more princi-
pled and effective framework for sustainable
alignment by performing on-policy optimiza-
tion, which maintains expressive stability, of-
fering new insights into designing continual
adaptation strategies for generation tasks in
the era of LLMs.

2 Revisiting Continual Machine
Translation with LLMs

Early research on CMT has primarily focused on
NMT models with limited capacity, in which for-
getting is often attributed to knowledge erasure
during sequential fine-tuning (Gu et al., 2021; Cao
et al., 2021; Wu et al., 2024a). With the emergence
of LLMs pretrained on massive and diverse multi-
lingual corpora, the training paradigm has shifted
from pre-training from scratch to continual fine-
tuning (Xu et al., 2024). This have introduced new
challenges, such as forgetting the strong in-context
learning (Stap et al., 2024) and general instruction
following abilities (Wu et al., 2025).

To mitigate such degradation, existing studies
have predominantly relied on replay-based meth-
ods. However, these approaches are largely predi-
cated on the classical assumption that ’catastrophic
forgetting’ stems from the irreversible erasure of
underlying knowledge. While this premise holds
for NMT models trained from scratch, it overlooks
the fundamental paradigm shift in LLM-based
translation, where proficiency is achieved through
the alignment of pre-trained knowledge with spe-
cific instructions (Zhou et al., 2023a). This distinc-
tion implies a potential decoupling between inter-
nal knowledge and its external expression. Con-
sequently, current CMT frameworks have yet to
profoundly investigate whether the essence of for-
getting lies in knowledge erasure or a failure in
expressive accessibility.

To better understand the forgetting dynamic of
CMT in the era of LLMs, we conduct a comprehen-
sive empirical study. Specifically, we fine-tune an



Initial Policy 𝜋𝜃0(𝑥)

Target Policy 𝜋∗(𝑥) 
(derived from reward 𝑟(𝑥))

Reward Peak 

(Good translation)

Supervised Fine-tuning (Forward KL)

Reinforcement Learning (Reverse KL)

SFT stretches the policy to cover more modes, leading to high forgetting.

Low forgetting

High forgetting

RL adapts the policy to cover the nearest mode, leading to lower forgetting. 

Figure 1: Illustration of different optimization behavior of SFT and RL, under the assumption that multiple high-
quality translations (reward peaks) co-exist.

LLM with multiple translation tasks sequentially
and analyze the nature of forgetting.

2.1 Experiment Protocol

Datasets and Benchmarks Our experiments in-
volve fine-tuning LLMs using general machine
translation data and evaluating their performance
across both translation and broader capabilities.
The datasets and benchmarks used for fine-tuning
and evaluation are listed below:

• Multi-stage Multilingual Machine Trans-
lation. For parallel training data, we adopt
the human-written datasets collected by Xu
et al. (2025), which consists of a mixture of
the Flores-200 dev set, NTREX test data, and
WMT’15-22 test data. It covers four English-
centric language pairs in both translation di-
rections: Chinese (zh), German (de), Russian
(ru), and Spanish (es. For evaluation, we use
the WMT’24 test sets corresponding to the
same four language pairs and directions.

• General Ability of LLMs To assess the im-
pact on general-purpose capabilities, we evalu-
ate models on two representative benchmarks
from the Open LLM Leaderboard (Fourrier
et al., 2024): IFEval (Zhou et al., 2023b),
MMLU-Pro (Wang et al., 2024b), ARC-
C (Clark et al., 2018), HellaSwag (Zellers
et al., 2019), TruthfulQA (Lin et al., 2022),
and WinoGrande (Sakaguchi et al., 2020).

1

Implementation detail We fine-tune Qwen2.5-
3B-Instruct (Yang et al., 2024) for machine trans-
lation from English to other languages in a fixed
task order: Chinese (zh), German (de), Russian
(ru), and Spanish (es). Across all experiments,
we use the same training configuration, with 5
epochs for each task and a batch size of 32.
For full-parameter fine-tuning, the learning rate
is set to 1 × 10−6. For PEFT method, we use
a learning rate of 5 × 10−5 and employ LoRA
adapters with rank 8. For evaluation, we employ
reference-based XCOMET-XL(Guerreiro et al.,
2024) to assess translation quality. In addition,
we evaluate the general capabilities of LLMs using
lm-evaluation-harness(Gao et al., 2024).

Metrics Let aji denote the prediction perfor-
mance (such as the BLEU score, the COMET score,
etc.) on task i after learning task j. The following
metrics are introduced:

• Average Performance (AP) measures the av-
erage performance of all tasks after training
on the last task: AP =: 1

n

∑n
i=1 a

n
i

• Forgetting Rate (FR) measures how much
knowledge has been forgotten across all the
learned tasks at the end of learning: FR =:
1

n−1

∑n−1
i=1 [maxn−1

j=1 (a
j
i − ani , 0)]

1Details of these benchmarks could be found in Ap-
pendix C.



These metrics help better describe the multi-stage
sequential training process of CMT.

2.2 Results

Translation Performance and Forgetting. Pre-
liminary results (Table 1) reveal distinct forgetting
patterns between tuning strategies. Full-parameter
fine-tuning triggers consistent performance decay
across all previous stages, averaging a −2.69 drop.
Conversely, LoRA’s robustness is contingent on lin-
guistic distance. Although low-rank constraints are
theorized to mitigate forgetting (Biderman et al.,
2024), we find this stability holds only for typolog-
ically similar tasks (e.g., the Indo-European clus-
ter), where performance drops remain negligible.
However, LoRA fails significantly on the initial
EN-ZH task, which suffers a catastrophic −10.28
collapse. This suggests that LoRA’s efficacy dimin-
ishes when the model adapts to tasks that diverge
significantly from the initial linguistic distribution,
such as the typological gap between Sino-Tibetan
and Indo-European languages.

Impact of Continual MT on General Abilities.
We next examine how continual MT affects the
general abilities of LLMs. As shown in Figure 2,
the impact of continual learning on general abili-
ties is task-dependent rather than uniformly nega-
tive. Pronounced performance degradation is con-
sistently observed on IFEval and MMLU-Pro. In
contrast, performance on other benchmarks, includ-
ing ARC-Challenge, HellaSwag, TruthfulQA, and
WinoGrande, remains largely stable, with several
methods exhibiting comparable or even slightly
improved results relative to the original model.

3 Diagnosing the Nature of Forgetting

The results presented above demonstrate that LLMs
exhibit clear forgetting under CMT. However, be-
yond quantifying forgetting, an important open
question remains: what is the underlying source of
the observed degradation?

3.1 The "Expressive Drift" Hypothesis

A notable clue emerges from the behavioral dis-
crepancy across different evaluation protocols. Dis-
criminative benchmarks (e.g., ARC-C, HellaSwag,
WinoGrande), which only necessitate maintaining
relative logit rankings among fixed options, remain
stable. In contrast, generative tasks (e.g., IFEval,
MMLU-Pro), which require the precise absolute
calibration for successful decoding, suffer severe

degradation. This contrast prompts the "expressive
drift" hypothesis, which characterizes the observed
forgetting as an expressive failure rather than a
structural erasure of knowledge.

3.2 Disentangling Knowledge Erasure from
Expressive Drift

To investigate this "expressive drift", it is neces-
sary to disentangle knowledge-level forgetting from
expression-level failure. To this end, we conduct a
multi-layered empirical analysis spanning behav-
ioral, representational, and parametric dimensions.

At the behavioral level, we utilize few-shot
prompting to evaluate whether the lost capabilities
can be reactivated through contextual anchoring.
At the representational level, we perform a layer-
wise analysis using Centered Kernel Alignment
(CKA)(Kornblith et al., 2019) to quantify the sim-
ilarity of internal states across training stages. Fi-
nally, at the parameter level, we examine the con-
sistency of update directions across different model
components. Together, these analyses provide a
comprehensive lens through which to observe the
preservation and expression of knowledge during
continual adaptation.

Behavior Level: Few-shot Performance Re-
cover Figure 3 compares zero-shot and few-shot
(5 demonstrations) forgetting across MMLU-Pro
and machine translation. As shown in the figure,
few-shot prompting significantly reduces perfor-
mance degradation for MMLU-Pro and translation.
Both MMLU-Pro and translation require the re-
trieval and composition of concrete semantic or
factual knowledge. The strong few-shot recovery
suggests that their zero-shot forgetting is largely
not due to the loss of underlying knowledge, but to
failures in activating or expressing that knowledge.
Few-shot exemplars help re-establish task seman-
tics and generation behavior, thereby mitigating
this form of forgetting.

Representation Level: Layer-wise CKA Simi-
larity Figure 4 characterizes the layer-wise CKA
similarity between the model state after the initial
task and its subsequent states following the com-
pletion of Tasks 2, 3, and 4, utilizing the Task 1
test dataset as the evaluation probe. The analysis
reveals a striking level of representational stabil-
ity across the initial segments of the model, where
CKA scores remain consistently near 1.00 through
the first 28 layers. However, a pronounced diver-
gence becomes evident in the deeper layers, partic-



Table 1: Results of continual machine translation experiment. Forgetting quantifies the performance degradation
relative to the peak performance achieved on each task.

Method Training Stage EN-ZH EN-DE EN-RU EN-ES Avg

Qwen2.5-3B-Instruct – 67.21 78.63 64.68 74.00 71.13

Full parameter fine-tuning

EN-ZH 71.82 – – – –
EN-DE 71.25 80.46 – – –
EN-RU 70.22 79.13 67.82 – –
EN-ES 68.92 77.44 65.65 75.20 71.80
Forgetting 2.90 3.02 2.17 – 2.69

PEFT(LoRA)

EN-ZH 73.08 – – – –
EN-DE 71.27 81.65 – – –
EN-RU 71.01 81.31 70.05 – –
EN-ES 62.80 81.53 71.79 79.41 73.91
Forgetting 10.28 0.12 0.00 – 3.47

IFEval

MMLU-Pro

ARC-C

HellaSwag

TruthfulQA

WinoGrande
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(a) Full-parameter Fine-tuning
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Qwen2.5-3B-Instruct
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Figure 2: Performance retention on general ability benchmarks.
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Figure 3: Forgetting under Zero-shot and Few-shot Eval-
uation on MMLU-Pro and Translation tasks.

ularly from layer 32 to 36, where similarity scores
decline across all model comparisons toward a min-
imum near 0.86.

Research in large language model interpretabil-
ity generally suggests that lower layers are primar-
ily responsible for storing fundamental knowledge
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Figure 4: Layer-wise CKA similarity of Task 1 repre-
sentations across sequentially trained model states.

while upper layers govern the expression and task-
specific mapping of that knowledge(Tenney et al.,
2019; Geva et al., 2021; Meng et al., 2022). The
sustained high similarity in the model backbone
indicates that the fundamental knowledge is pre-
served within the latent space. In contrast, the
observed reduction in CKA similarity in the final



layers reflects a realignment of the output projec-
tions, implying that the expression of knowledge
has drifted to align with the evolving task require-
ments.
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Figure 5: Layer-wise average consistency of parameter
updates across the transformer architecture.
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Figure 6: Top 10 modules with the lowest update con-
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Parameter Level: Update Conflict Across Mod-
ules To locate the forgetting in specific modules,
we compute the parameter updates for each learned
task and calculate sign consistency. As illustrated
in Figure 5, parameter update consistency exhibits
a clear monotonic decline as model depth increases.
Detailed analysis in Figure 6 confirms that update
conflicts are exclusively localized within the self-
attention projections of the deeper layers (L25-
L34), specifically affecting the q_proj, k_proj,
and o_proj weights. This spatial concentration of
gradient conflict demonstrates that forgetting are a
product of impaired knowledge expression within
the deep attention blocks.

Together, the collective evidence across behav-
ioral, representation, and parameter levels confirms
our hypothesis that forgetting in sequential learn-
ing is driven by expressive drift rather than genuine
knowledge erasure.

4 Towards Reinforcement Learning for
Continual MT.

The identification of representation drift as the pri-
mary driver of forgetting necessitates a critical re-
evaluation of the SFT paradigm for MT in the era
of LLM. Although human-authored references pro-
vide high-quality signals, they are often out-of-
distribution relative to the model’s internal gen-
erative space. Rigid cross-entropy optimization
against a single gold standard neglects the inherent
semantic multiplicity of translation and imposes
sharp distributional shifts on terminal attention lay-
ers, thereby exacerbating drift by overwriting exist-
ing priors with external targets.

To mitigate this, we propose a reinforcement
learning framework that utilizes translation quality
estimation as a reward signal. Unlike SFT, the RL
paradigm facilitates the exploration of semantically
appropriate candidates already aligned with the
model’s internal distribution. By optimizing within
this generative space, RL preserves the stability of
the underlying knowledge base while refining ex-
pressive capacity. This behavior-guided approach
provides a principled mechanism to balance sta-
bility and plasticity, ensuring the acquisition of
new capabilities without the expressive misalign-
ment induced by traditional supervised methods. A
formal theoretical explanation could be found in
Appendix B.

4.1 RL Training Setup
RL Algorithm. We utilize Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) as our
RL algorithm. GRPO is a simplified PPO-based
algorithm that significantly reduces training costs
by eliminating the need for a value model. It oper-
ates by sampling G rollouts {o1, ..., oG} from the
current policy for a given input, calculating their
cumulative rewards R = {R1, ..., RG}, and then
using these rewards to estimate advantages Âi,t to
guide policy updates. The optimization objective
for GRPO is defined as follows:
LGRPO(θ) = Eq∼D,{oi}Gi=1∼πθold

(·|q)[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

(
Lclip

i,t (θ)− βDKL(πθ||πref)
)]

(1)

where

Lclip
i,t (θ) = min

(
ri,t(θ)Âi,t, clip

(
ri,t(θ), 1− ε, 1 + ε

)
Âi,t

)
ri,t(θ) =

πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
, Âi,t =

Ri −mean(R)

std(R)
(2)



Table 2: Results of continual machine translation and zero-shot general ability evaluation. Forgetting is computed
based on translation performance degradation across tasks. Best results in each column are highlighted in bold.

Continual Machine Translation General Ability (Zero-shot)

Method EN-ZH EN-DE EN-RU EN-ES AP↑ FR↓ IFEval MMLU-pro

Qwen2.5-3B-Instruct 67.21 78.63 64.68 74.00 71.13 – 72.78 44.97
Seq-SFT 68.92 77.44 65.65 75.20 71.80 2.71 58.51 35.81
Seq-RL 76.93 84.36 73.98 81.53 79.20 0.28 67.75 43.44

Llama-3.2-3B-Instruct 72.89 70.51 61.68 74.93 70.00 – 82.37 37.41
Seq-SFT 60.26 77.39 59.08 74.24 67.74 3.64 77.10 30.15
Seq-RL 66.47 86.54 61.47 81.36 73.96 0.22 81.29 38.77

Reward Design. To mitigate reward hacking, we
adopt COMET-22 (Rei et al., 2022), a reference-
based metric trained on large-scale human judg-
ments, as the reward model. Unlike surface-level
n-gram metrics, COMET-22 provides a semantic-
level assessment of translation adequacy and flu-
ency, allowing flexible evaluation beyond exact
lexical overlap.

Implementation Details. We conduct RL exper-
iments on both Qwen2.5-3B-Instruct (Yang et al.,
2024) and Llama-3.2-3B-Instruct (Dubey et al.,
2024). To ensure a fair comparison, we adopt the
same hyperparameter configuration as in the pre-
vious experiments. Specifically, the learning rate
is fixed to 1 × 10−6. The model is trained with a
batch size of 32 for 5 epochs on each language. For
each training example, we sample G = 8 rollouts
using a temperature of 1.0. The coefficient β for
the KL term is set to 0.01.

4.2 Results&Analysis

Table 2 reports the results of the proposed RL-
based approach under the continual MT setting
across two base models. The RL policy yields
consistent and substantial improvements in transla-
tion performance over all language pairs. Notably,
these improvements are achieved with near-zero
forgetting, indicating that translation quality is en-
hanced without destabilizing previously acquired
behaviors. In addition to MT performance, RL pre-
serves zero-shot general abilities as measured by
IFEval and MMLU-pro. Compared with the origi-
nal models, RL maintains comparable or improved
performance on both benchmarks, suggesting that
optimizing translation quality via RL does not in-
terfere with general reasoning capabilities.

Figure 7 illustrates the temporal dynamics of
forgetting during continual learning. Under SFT,

general abilities drop sharply at the onset of the
first MT task before stabilizing into an oscilla-
tory decline, while translation retention decreases
gradually. This trend indicates that the primary
interference in SFT arises from cross-paradigm
conflicts between translation-specific supervision
and general-purpose behaviors rather than conflicts
among similar MT tasks. In contrast, RL exhibits
smooth and synchronized retention across both
general and translation capabilities without abrupt
stage-wise performance drops.

Taken together, these results demonstrate that RL
can effectively improve translation performance
while maintaining behavioral stability across both
task-specific and general evaluation settings.

To verify that RL mitigates forgetting by address-
ing expressive drift, we conduct CKA analysis on
RL-trained models. As shown in Figure 8, RL pre-
serves representational structures across all layers
with similarity exceeding 0.99. This global stability
contrasts with the localized drift observed in SFT
final layers. These results confirm that RL avoids
the distribution shifts typical of teacher forcing,
thereby maintaining a stable generative interface.

To provide a comprehensive assessment of the
proposed framework, we offer additional empirical
results in Appendix F, including comparative stud-
ies with diverse CL baselines, robustness analyses
regarding translation directions and task sequences,
and human evaluation.

5 Related Works

5.1 Continual Machine Translation

Continual learning for neural machine translation
has mainly been studied in settings with relatively
small models, where the central challenge is mit-
igating catastrophic forgetting during sequential
fine-tuning. Existing methods largely fall into
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Figure 7: Comparison of performance retention between SFT and RFT during CMT. Performance on each task is
normalized by its initial peak and tracked as the model sequentially learns multiple translation tasks.
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Figure 8: Layer-wise CKA similarity of Task 1 repre-
sentations across sequentially RL-trained model states.

regularization-based approaches, which constrain
parameter updates via techniques such as Elas-
tic Weight Consolidation or knowledge distillation
(Thompson et al., 2019; Saunders et al., 2019; Dak-
wale and Monz, 2017; Khayrallah et al., 2018; Cao
et al., 2021), and architecture-based approaches
that isolate knowledge through pruning, parame-
ter freezing, or auxiliary components (Gu et al.,
2021; Wu et al., 2024a; Liang et al., 2021; Huang
et al., 2023). In the context of LLMs, prior work
primarily focused on continual pre-training over
multilingual or parallel corpora (Yang et al., 2023;
Xu et al., 2024; Zheng et al., 2024; Yu et al., 2025;
Lu et al., 2024), leaving continual adaptation in
post-training stages comparatively underexplored.

5.2 Continual Learning for LLMs

Although LLMs exhibit strong instruction-
following abilities, continual fine-tuning on
downstream tasks can still lead to catastrophic
forgetting. To address this issue, classic continual

learning techniques have been adapted to LLMs
(Wu et al., 2024b; Shi et al., 2024). Prior work has
primarily focused on replay-based methods and
their variants, which mitigate forgetting by revisit-
ing data from previous tasks (Scialom et al., 2022;
Yin et al., 2022; Mok et al., 2023; He et al., 2024b;
Wang et al., 2024a; Wu et al., 2025; He et al.,
2024a). In parallel, architecture-based approaches,
often implemented via parameter-efficient tuning
such as LoRA, have been explored to isolate
task-specific updates (Biderman et al., 2024; Wang
et al., 2023b; Dou et al., 2023). However, these
methods largely rely on supervised fine-tuning.
More recent studies have begun to investigate
reinforcement learning as an alternative paradigm,
suggesting that its on-policy property can help
alleviate forgetting (Shenfeld et al., 2025; Chen
et al., 2025) and reduce inter-task interference.

6 Conclusion

This study revisits CMT for LLMs and rede-
fines the fundamental challenge as maintaining ex-
pressive stability rather than preventing structural
knowledge erasure. Through comprehensive anal-
yses, we demonstrate that forgetting stems from
expressive drift, where preserved latent knowledge
fails to align with task instructions. This degrada-
tion is primarily localized within terminal attention
layers because the mode covering behavior of SFT
forces the model toward external distributions that
conflict with internal linguistic priors. Conversely,
RL provides a more principled alternative by facili-
tating a mode seeking alignment within the model’s
own generative distribution. Our results confirm



that reinforcement learning effectively mitigates
forgetting across both translation tasks and general
capabilities. These findings position optimization
driven by model policies as a sustainable frame-
work for the sequential adaptation of generative
models at scale.
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Limitations

Our study is subject to certain limitations. First,
prior studies have shown that RL can be less effec-
tive at inducing fundamentally new behaviors or
overcoming strong model priors. Consistent with
this observation, we find limited improvements in
certain multilingual settings, such as enhancing
Chinese translation performance for LLaMA-based
models. This may hinder the effectiveness of RL
when trying to learn complex out-of-distribution
tasks in CL settings. Second, RL is susceptible
to reward hacking. Although human evaluations
in Appendix F.5 validate our findings, generaliz-
ing this framework to domains lacking trustworthy
reward models remains a challenge.

Ethical Considerations

This work investigates continual machine trans-
lation with large language models and does not
introduce new architectures or involve real-world
deployment. All experiments are conducted on pub-
licly available datasets and standard benchmarks,
and we do not identify any direct ethical risks.
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A Definition of Continual Machine
Translation

Continual Machine Translation (CMT) frames the
incremental acquisition of new translation capabili-
ties as a sequential optimization problem across
tasks {T1, . . . , Tn}. Unlike conventional NMT,
CMT assumes that data arrives in stages with re-
stricted access to previous samples, necessitating
a balance between current task performance and
the preservation of prior knowledge. Consequently,
CMT evaluation moves beyond aggregate transla-
tion quality to incorporate specific CL metrics that
quantify catastrophic forgetting, knowledge reten-
tion, and cross-task generalization. Specifically,
let aji denote the prediction performance (such as
the BLEU score, the COMET score, etc.) on task
i after learning task j. The following metrics are
introduced:

• Average Performance (AP) measures the av-
erage performance of all tasks after training
on the last task: AP =: 1

n

∑n
i=1 a

n
i

• Forgetting Rate (FR) measures how much
knowledge has been forgotten across all the
learned tasks at the end of learning: FR =:
1

n−1

∑n−1
i=1 (maxn−1

j=1 a
j
i − ani )

B Formal Mathematical Equivalence
between KL Divergence and Training
Paradigms

Limitations of Supervised Fine-Tuning: For-
ward KL Divergence and Forced Distribution
Fitting Given training data D = {x(i)}Ni=1 and
its defined distribution Pdata, the optimization ob-
jective of SFT is to minimize the negative log-
likelihood (NLL):

LSFT(θ) = −Ex∼Pdata [logPθ(x)] (3)

where θ denotes the model’s parameter space.
To elucidate the statistical implications of this loss
function, we introduce Kullback-Leibler (KL) di-
vergence to measure the informational discrepancy
between the empirical distribution Pdata and the
model distribution Pθ. According to the definition

of KL divergence:

DKL(Pdata ∥ Pθ)

=Ex∼Pdata

[
log

Pdata(x)

Pθ(x)

]
=Ex∼Pdata [logPdata(x)]− Ex∼Pdata [logPθ(x)]

=−H(Pdata) + LSFT(θ)
(4)

Since the entropy of the ground-truth data distri-
bution H(Pdata) is constant relative to the model
parameters θ, minimizing LSFT(θ) is mathemat-
ically equivalent to minimizing the forward KL
divergence.

Forward KL divergence DKL(Pdata ∥ Pθ) is char-
acterized by a "mean-seeking" or "mode-covering"
behavior. Specifically, the model distribution
Pθ must allocate probability density wherever
Pdata(x) > 0 to prevent the divergence from ap-
proaching infinity. In the context of continual trans-
lation training, this mechanism introduces two crit-
ical issues. First, it penalizes valid expressions
because if an autonomously generated sequence
does not match the reference verbatim, SFT exerts
significant gradient pressure to suppress that ex-
pression despite its semantic correctness. Second,
it forces a distribution shift whenever the style or
distribution of the reference translation lies out-
side the model’s pre-trained preference manifold,
as forward KL compels model parameters to shift
toward these outliers. This rigid fitting via "teacher
forcing" pressures the model to abandon its robust
pre-trained representations in favor of imitating
specific surface tokens. Consequently, this process
induces deep attention routing disorders and ex-
pressive drift, ultimately precipitating catastrophic
forgetting.

Reinforcement Learning: Flexible Alignment
via Semantic Rewards Instead of requiring the
model to memorize specific reference samples at
the token level, RL optimizes global semantic
utility by introducing semantic-aware evaluation
metrics, such as COMET, as the reward function
R(x).In standard RL optimization, the objective
function aims to maximize the expected reward
without significantly deviating from the reference
model Pref:

JRL(θ) = Ex ∼ Pθ[R(x)]− βDKL(Pθ ∥ Pref)
(5)

where β is the temperature parameter controlling
regularization strength. To theoretically analyze the



convergence properties of this objective, we define
an optimal target distribution P ∗(x) following the
Gibbs distribution:

P ∗(x) =
1

Z
Pref(x) exp

(
R(x)

β

)
(6)

where Z =
∫
Pref(x) exp(R(x)/β)dx is the parti-

tion function that ensures the normalization of the
probability density.By substituting P ∗(x) into the
definition of KL divergence, it can be proven that
maximizing JRL(θ) is equivalent to minimizing
the reverse KL divergence between the model dis-
tribution Pθ and the target distribution P ∗. The
derivation is as follows:

DKL(Pθ ∥ P ∗)

=Ex∼Pθ

[
log

Pθ(x)

P ∗(x)

]
=Ex∼Pθ

[
logPθ(x)− log

(
1

Z
Pref(x)e

R(x)/β

)]
=Ex∼Pθ

[
log

Pθ(x)

Pref(x)
− R(x)

β
+ logZ

]
=DKL(Pθ ∥ Pref)−

1

β
Ex∼Pθ

[R(x)] + logZ

(7)
Rearranging the terms yields:

JRL(θ) = −βDKL(Pθ ∥ P ∗) + β logZ (8)

Since β logZ depends solely on the reward and
reference models and remains constant relative to
the parameters θ, the RL training objective is math-
ematically equivalent to minimizing the reverse KL
divergence:

argmax
θ

JRL(θ) = argmin
θ

DKL(Pθ ∥ P ∗) (9)

Reverse KL divergence is characterized by
"mode-seeking" behavior. Unlike SFT, which pas-
sively covers external samples, RL drives the model
to actively explore regions within its own distribu-
tion space that yield high semantic rewards. This
paradigm offers significant flexibility. First, it ac-
knowledges diversity of expression, as the model
receives positive reinforcement for any sequence
that aligns semantically with the source sentence
without being forced to replicate the specific lexical
choices of a reference. Second, it maintains genera-
tive stability through on-policy sampling, allowing
the model to fine-tune based on its existing knowl-
edge base. This approach avoids the destructive dis-
tribution stretching induced by SFT and mitigates

exposure bias. Consequently, this shift from "sur-
face imitation" to "objective alignment" enables
the model to acquire translation skills while pre-
serving the structured capabilities developed during
pre-training, thereby fundamentally mitigating per-
formance degradation in continual learning.

C Details of Datasets and Benchmarks

Language Pair Train Test

EN–ZH 6565 997
EN–DE 6529 997
EN–RU 6568 997
EN–ES 2909 997

Table 3: Dataset statistics of the multilingual translation
benchmarks used in our experiments.

Our experiments involve fine-tuning LLMs us-
ing general machine translation data and evaluat-
ing their performance across both translation and
broader capabilities. The datasets and benchmarks
used for fine-tuning and evaluation are listed be-
low:

Multi-stage Multilingual Machine Translation.
For parallel training data, we adopt the human-
written datasets collected by Xu et al. (2025). This
collection comprises human-authored test sets from
previous WMT, along with the development and
test sets from Flores-200 (Goyal et al., 2022). It
covers four English-centric language pairs in both
translation directions: Chinese (zh), German (de),
Russian (ru), and Spanish (es). For evaluation,
we use the WMT’24 test sets corresponding to the
same four language pairs and directions. Here, we
present detailed statistics for the datasets used in
our experiments in Table ??.

General Ability of LLMs To assess the impact
of continual MT on general-purpose capabilities,
we evaluate models on two representative bench-
marks from the Open LLM Leaderboard (Fourrier
et al., 2024):

• IFEval (Zhou et al., 2023b) evaluates a
model’s ability to strictly follow explicit and
verifiable instructions, such as enforcing re-
quired keywords, output formats, or structural
constraints. It focuses on instruction com-
pliance rather than semantic correctness, en-
abling precise and deterministic evaluation.

• MMLU-Pro (Wang et al., 2024b) is a refined
and more challenging version of the original



MMLU benchmark, designed to assess broad
knowledge and reasoning capabilities across
diverse domains. It reduces ambiguity and
data contamination present in earlier versions,
providing a more reliable measure of general
reasoning ability.

• ARC-C (Clark et al., 2018) consists of
multiple-choice science questions that require
non-trivial reasoning and inference beyond
surface-level pattern matching. It is com-
monly used to evaluate core scientific reason-
ing and common-sense understanding.

• HellaSwag (Zellers et al., 2019) is a com-
monsense reasoning benchmark that requires
selecting the most plausible continuation of a
given situation. The dataset is adversarially
constructed to minimize annotation artifacts,
emphasizing robust contextual and common-
sense understanding.

• TruthfulQA (Lin et al., 2022) evaluates a
model’s tendency to generate truthful answers
to questions that commonly elicit false or mis-
leading responses. It is designed to measure
robustness against hallucination and the prop-
agation of widely held misconceptions.

WinoGrande (Sakaguchi et al., 2020) is a
large-scale commonsense reasoning bench-
mark based on pronoun resolution. It tests
a model’s ability to leverage contextual and
world knowledge to resolve ambiguous refer-
ences, while reducing dataset biases through
careful adversarial filtering.

D Prompt Templates

The following prompt is utilized in all experiments:

The Template for Machine Translation

Prompt: Please translate the following sen-
tence from {Source Language Name} to
{Target Language Name}:
{Source Sentence}

Response: {Reference Translation}

E Details of Few-shot Forgetting Analysis

To disentangle knowledge-level forgetting from
expression-level failure, we compare zero-shot and
few-shot evaluation settings. For MMLU-Pro and
IFEval, we adopt the lm-evaluation-harness

framework, which allows setting the number of
demonstrations. For machine translation, we ran-
domly sample demonstrations for each language
pair from the corresponding training data. In all
few-shot settings, we use 5 demonstrations, which
are organized into multi-turn chat histories follow-
ing the model’s default chat template.

F Additional Experiments

F.1 Comparison with CL Approaches

In our main paper, we mainly compare two differ-
ent training paradigms, namely SFT and RL. To
further validate the effectiveness of RL for CMT,
we add a comparison with state-of-the-art CL ap-
proaches.

Baseline Approaches We evaluate a diverse set
of representative CL approaches:

• Seq-FT, a baseline that sequentially fine-
tunes the entire LLM on the data stream as
new tasks arrive;

• GEM (Lopez-Paz and Ranzato, 2017), a
rehearsal-based approach that stores gradients
of past-task samples and projects the current
task’s gradient to avoid conflicts with previous
ones;

• EWC (Kirkpatrick et al., 2016; Thomp-
son et al., 2019; Saunders et al., 2019), a
regularization-based method that leverages
the Fisher Information Matrix to identify and
constrain parameters that are critical for pre-
viously learned tasks;

• LwF (Khayrallah et al., 2018; Dakwale and
Monz, 2017; Cao et al., 2021), another
regularization-based approach that mitigates
forgetting via knowledge distillation from ear-
lier task models;

• Seq-LoRA, a parameter-efficient baseline that
sequentially fine-tunes LoRA adapters as new
tasks arrive; and

• O-LoRA (Wang et al., 2023b), a parameter-
efficient CL method that assigns different
tasks to orthogonal low-rank subspaces to ex-
plicitly reduce inter-task interference.

Implementation Details We adhere to the set-
tings used in the main experiments, fine-tuning



Qwen2.5-3B-Instruct (Yang et al., 2024) sequen-
tially for multilingual machine translation tasks.
Across all experiments, we use the same training
configuration, with 5 epochs for each task and a
batch size of 32. For full-parameter fine-tuning
based methods (Seq-FT, GEM, EWC, LwF), the
learning rate is set to 1× 10−6. For PEFT methods
(Seq-LoRA, O-LoRA), we use a learning rate of
5× 10−5 and employ LoRA adapters with rank 8.
Evaluation is conducted with XCOMET-XL and
lm-evaluation-harness.

Results Table 4 summarizes the performance of
the proposed Seq-RL framework compared to tra-
ditional CL baselines across MT and general ca-
pability benchmarks (Detailed results available in
Table 5). The results demonstrate that Seq-RL con-
sistently achieves superior plasticity while main-
taining exceptional stability. In terms of transla-
tion performance, Seq-RL attains the highest av-
erage score of 79.20, outperforming the strongest
SFT-based CL baseline, O-LoRA (75.31), by a sig-
nificant margin. This improvement is consistent
across all language pairs, with Seq-RL reaching
peak scores in EN-ZH (76.93) and EN-DE (84.36).

Critically, Seq-RL effectively mitigates catas-
trophic forgetting without sacrificing the model’s
general reasoning and instruction-following abili-
ties. While conventional sequential SFT (Seq-SFT)
suffers from a high forgetting rate (2.71) and a
sharp decline in general benchmarks (e.g., IFE-
val dropping from 72.78 to 58.51), Seq-RL main-
tains a low forgetting rate of 0.28 and preserves
general capabilities (67.75 on IFEval and 43.44
on MMLU-pro). While LwF achieves a slightly
lower forgetting rate (0.00), its translation perfor-
mance (74.71) remains considerably lower than
that of Seq-RL. These findings corroborate our
previous representational analysis: by optimizing
within the model’s existing generation space rather
than forcing alignment to out-of-distribution hu-
man references, RL avoids the disruptive represen-
tational drift characteristic of SFT. This allows the
model to acquire new task-specific translation skills
while keeping its underlying knowledge base and
instruction-following behaviors intact.

F.2 Generalization to Many→EN Direction.

Prior work has shown that CMT in the
Many→EN setting is substantially easier than in
the EN→Many direction, largely due to the shared
target language (English), which mitigates cross-

lingual interference in multilingual MT. However,
as shown in Table 6, sequential SFT still exhibits
severe performance degradation on both transla-
tion and general-purpose evaluation tasks. This
suggests that target-language consistency alone is
insufficient to prevent forgetting, and that SFT with
human-written references may even exacerbate per-
formance degradation. In contrast, Seq-RL con-
sistently achieves the best average performance
with near-zero forgetting, demonstrating that RL
remains highly effective in preserving translation
quality and general abilities even in this compara-
tively easier continual learning setting.

F.3 Effects of Task Order
Since CL is known to be sensitive to task order, we
performed an additional "Reverse Order" experi-
ment on the Qwen-2.5 model (i.e., reversing the
sequence of language pairs).

As shown in Table 7, we observed a significant
performance collapse in the last training stage. We
attribute this to the substantial typological distance
between Chinese (Sino-Tibetan) and the other three
European languages (Indo-European). This lin-
guistic divergence triggers a severe Language Con-
flict, resulting in the "language dominance" phe-
nomenon where models generated Chinese outputs
even for non-Chinese translation prompts. These
results further demonstrate that catastrophic forget-
ting is highly sensitive to the training order. When
a task with a distinct data distribution (like en-zh)
is introduced last, traditional CL methods like O-
LoRA and Seq-SFT struggle to balance the inte-
gration of new knowledge with the preservation of
existing linguistic structures.

Remarkably, despite these challenging condi-
tions, Seq-RL maintained consistent high perfor-
mance (AVG: 79.09, FR: -0.1575). Unlike SFT-
based methods, Seq-RL preserves the model’s
instruction-following capabilities (IFEval: 69.38)
and general knowledge (MMLU: 44.52). This re-
inforces our core argument: RL-based training is
inherently more robust against task interference,
effectively mitigating forgetting even when faced
with significant linguistic shifts and adverse task
sequences.

F.4 Failure of Language Control
We have conducted a granular forgetting analysis
focusing on Target Language Interference (TLA),
which we found to be the primary driver of the per-
formance drop in our multilingual continual learn-



Table 4: Comparison with CL approaches

Machine Translation General Ability

Method EN-ZH EN-DE EN-RU EN-ES Avg↑ FR↓ IFEval MMLU-pro

Qwen2.5-3B-Instruct 67.21 78.63 64.68 74.00 71.13 – 72.78 44.97
Seq-SFT 68.92 77.44 65.65 75.20 71.80 2.71 58.51 35.81
EWC 69.03 77.37 65.54 74.94 71.72 1.93 57.67 36.39
GEM 69.19 77.50 66.08 75.26 72.01 1.92 56.47 35.84
LwF 72.63 80.91 68.54 76.77 74.71 0.00 66.79 42.15
LoRA 62.80 81.53 71.79 79.41 73.88 3.47 58.87 33.34
O-LoRA 72.17 81.05 70.06 77.96 75.31 0.33 62.83 35.19
Seq-RL 76.93 84.36 73.98 81.53 79.20 0.28 67.75 43.44

ing setup.
Instead of a uniform degradation across linguis-

tic features (like word spelling or grammar), we
observed a catastrophic failure in language control.
We quantified this using TLA—the percentage of
generated tokens that match the intended target
language (detected via a Language Identification
tool).

As shown in Table 8, while the en-es XCOMET
score drops significantly, the Target Language Ac-
curacy (TLA) plummets from 90.10% to 3.16% af-
ter the en-zh stage. This near-total collapse of TLA
suggests a catastrophic failure in language control
(steering). The model does not "forget" how to
translate the source semantics; instead, its "output
gate" is overwritten by the most recent language
(zh), leading to massive off-target generation.

F.5 Human Evaluation

RL vs. SFT 58.5% 15.0% 26.5%

RL Wins (117) Ties (30) SFT Wins (53)

Figure 9: Human Evaluation: Win/Tie/Loss Compari-
son.

A central challenge in reinforcement learning
is preventing "reward hacking," where a model
exploits vulnerabilities in the reward function to
achieve high scores at the expense of genuine gen-
eration quality or linguistic logic(Amodei et al.,
2016; Ouyang et al., 2022). To verify whether the
performance gains from RL align with authentic
human preferences, we conducted a double-blind
human evaluation. We randomly sampled 200 in-
stances from the English-to-Chinese test set and
compared the outputs generated by the SFT and RL

models. Under a double-blind protocol, reviewers
assessed faithfulness and fluency without knowl-
edge of the models’ identities, designating each
pair as a Win, Loss, or Tie.

Figure 9 shows the results of human evaluation.
Across the 200 samples, the RL model achieved a
win rate 2.18 times higher than that of the SFT
model. Reviewer feedback indicated that RL-
trained models produced translations with superior
terminological accuracy and syntactic naturalness,
significantly reducing the over-literal translations
and language-mixing issues common in SFT out-
puts. This substantial margin in win rates demon-
strates that the improvements in XCOMET scores
correspond to perceptible gains in translation qual-
ity rather than mere overfitting to neural evaluation
metrics.



Table 5: Full performance matrices for continual machine translation under different training strategies. The Original
row indicates the initial model performance. For each method, rows correspond to the model state after training
on a specific language pair, yielding a lower-triangular matrix over language pairs. The Forgetting row reports the
performance degradation on earlier tasks after the final training stage.

Method Training Stage EN-ZH EN-DE EN-RU EN-ES

Original – 67.21 78.63 64.68 74.00

Seq-SFT

EN-ZH 71.82 – – –
EN-DE 71.25 80.46 – –
EN-RU 70.22 79.13 67.82 –
EN-ES 68.92 77.44 65.65 75.20
Forgetting 2.90 3.02 2.17 0.00

EWC

EN-ZH 71.90 – – –
EN-DE 71.43 79.84 – –
EN-RU 70.27 78.63 65.98 –
EN-ES 69.03 77.37 65.54 74.94
Forgetting 2.87 2.47 0.44 0.00

GEM

EN-ZH 71.93 – – –
EN-DE 71.30 79.95 – –
EN-RU 70.42 78.95 66.64 –
EN-ES 69.19 77.50 66.08 75.26
Forgetting 2.74 2.45 0.56 0.00

LwF

EN-ZH 71.85 – – –
EN-DE 72.29 80.60 – –
EN-RU 72.46 80.32 68.31 –
EN-ES 72.63 80.91 68.54 76.77
Forgetting 0.00 0.00 0.00 0.00

LoRA

EN-ZH 73.08 – – –
EN-DE 71.27 81.65 – –
EN-RU 71.01 81.31 70.05 –
EN-ES 62.80 81.53 71.79 79.41
Forgetting 10.28 0.12 0.00 0.00

O-LoRA

EN-ZH 72.51 – – –
EN-DE 71.79 81.69 – –
EN-RU 71.21 80.97 69.56 –
EN-ES 72.17 81.05 70.06 77.96
Forgetting 0.34 0.64 0.00 0.00

RL

EN-ZH 75.38 – – –
EN-DE 75.64 83.97 – –
EN-RU 77.23 84.64 74.62 –
EN-ES 76.93 84.36 73.98 81.53
Forgetting 0.00 0.00 0.64 0.00

Table 6: Results of continual machine translation on Many→EN direction and zero-shot general ability evaluation.
Forgetting is computed based on translation performance degradation across tasks. Best results in each column are
highlighted in bold.

Continual Machine Translation General Ability (Zero-shot)

Method ZH-EN DE-EN RU-EN ES-EN AP↑ FR↓ IFEval MMLU-pro

Qwen2.5-3B-Instruct 80.85 87.23 81.06 85.83 83.74 – 72.78 44.97
Seq-SFT 72.09 79.80 71.78 81.36 77.45 3.17 51.92 28.70
Seq-RL 82.82 89.14 83.28 88.14 85.85 0.02 71.58 44.51



Table 7: Results of reverse task order setting

Machine Translation General Ability

Method EN-ES EN-RU EN-DE EN-ZH Avg↑ FR↓ IFEval MMLU-pro

Qwen2.5-3B-Instruct 74.00 64.68 78.63 67.21 71.13 - 72.78 44.97
Seq-SFT 58.98 54.89 63.08 66.89 60.96 -7.85 51.44 36.10
Seq-RL 80.36 73.35 83.27 79.37 79.09 -0.1575 69.38 44.52

Table 8: Translation performance and target language accuracy

Training Stages EN-ES EN-RU EN-DE EN-ZH

EN-ES Performance (XCOMET Score) 73.81 71.04 68.95 58.98
TLA (%) 90.10 89.53 77.95 3.16
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